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Abstract. Design plays a pivotal role in the successful development of any interactive learning environment 

(ILE). Furthermore, in the realm of technology-enhanced learning (TEL), the design process necessitates 
contributions from a wide array of expertise areas. Therefore, individuals engaged in tool development must 

directly confront the design challenge from multiple standpoints. This article aims to present a comprehensive 

analysis of current research that centers on the utilization of various approaches as a means of enhancing 

technology-driven learning environments. The objective is to investigate how much of its instructional promise is 
genuinely put into practical implementation. The review exclusively considers empirical studies that have been 

published in peer-reviewed scholarly journals, focusing specifically on the application of diverse approaches as 

educational environments. Over the past ten years, the methodology of design-based research has proven its 

potential in both the research and design aspects of technology-enhanced learning environments (TELEs). This 
article delineates and characterizes design-based research, outlining its significance in the development of 

technology-enhanced learning environments (TELEs). It also introduces principles for the integration of design-

based research into TELEs, and deliberates on the forthcoming challenges associated with this approach. The 

introduction of technology-enhanced learning (TEL) techniques has transformed the allocation of the most 
crucial resource in the education system: the time of educators and learners. Although new technology holds the 

promise of increased personalization and efficiency, the impact on staff time must be meticulously analyzed. 

Without careful consideration, TEL methods might escalate expenses without proportionate advantages. The 

paper evaluates various methods of comparing teaching time costs between TEL and traditional approaches. 
The conclusion suggests that cost-benefit modeling conducted within the institution provides the most accurate 

means of comprehending how educators can leverage technology to attain the level of efficiency that renders 

personalization economically viable. Options explored include Interactive Online Courses, Virtual Reality 

Classrooms, Gamified Learning Platforms, Personalized Learning AI, and Collaborative Social Learning. 
Assessment criteria encompass Learning Effectiveness, Engagement, Adaptability, Skill Transfer, Cost, 

Accessibility, User Experience, and Data Privacy. The examination serves as a foundation for establishing 

prerequisites tailored to a forward-looking cost-benefit framework. The process commences with strategic 

decisions aimed at realizing the advantages of Technology-Enhanced Learning (TEL). These decisions, in turn, 
inform the identification of probable essential expenditures, thus delineating the inherent "benefits-oriented cost 

model." A key benefit of this approach is that it empowers innovators to strategically plan and comprehend the 

dynamic between anticipated educational gains and potential teaching expenses. 

1. INTRODUCTION 

 In the field of education, there's often an underlying assumption that technology can improve the learning 

experience. The term "Technology Enhanced Learning" (TEL) is gaining traction in various regions like the 

UK, Europe, and beyond. TEL encompasses the utilization of information and communication technologies for 

educational purposes and supersedes the previous term "e-learning," which had diverse interpretations. 

However, explicit definitions of what TEL truly entails are uncommon. Frequently, TEL is equated with the 

tools and infrastructure used. For instance, organizations like the UK Universities and Colleges Information 

Systems Association offer a technical explanation of TEL as "Any online facility or system that directly aids 

learning and teaching." The UK's Technology Enhanced Learning Research Programme (TELRP), which 

received £12 million in funding from 2007 to 2012 and covered educational settings from schools to 

universities, doesn't bring about clarity either. A recent document sharing concise findings (TELRP, date not 

specified) sees the program's Director offering limited clarification in the opening statement: Is technology 

improving learning? This query might seem reasonable, yet unfortunately, it's not the right question to pose. A 

more fitting query is: How can we create technology that elevates learning, and how can we gauge that 
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improvement? This prompts inquiries into the mechanisms through which technology enriches comprehension 

and the value it adds to learners' educational journeys. In contrast to other terms, the acronym TEL carries an 

inherent value judgment: the term 'enhanced' suggests an improvement or superiority in some aspect. According 

to Oxford Dictionaries Online (2011), enhancement denotes "a rise or advancement in quality, value, or extent." 

However, the exact nature of what experiences improvement when technology is applied to education, the 

methods by which enhancement is achieved, and the means of assessing such improvement remain questions. 

Does enhancement pertain to escalating technology usage, refining the conditions in which educational activities 

occur, enhancing teaching methodologies, or advancing student learning outcomes (both quantitatively and 

qualitatively)? Since the 1990s, there has been noteworthy growth in the integration of technology within higher 

education. Employing technology can incur costs, not solely in terms of the financial resources institutions 

allocate for infrastructure, equipment, and technical support personnel, but also concerning the individual 

investment made by both faculty and students in adopting technology for educational purposes. Within Western 

universities, the utilization of institutional "learning environments" has become nearly universal, and it's no 

longer an innovation or limited to enthusiasts. Despite its widespread integration, concerns persist regarding the 

effective use of technology to enhance students' learning experiences (Cuban 2001; Guri-Rosenblit 2009; 

Kirkwood and Price 2005; Zemsky and Massy 2004). 

The role of scaffolding in technology-enhanced learning environments (TELEs) captures the attention of both 

educators and researchers; however, pinning down clear definitions and conceptualizations has proven 

challenging (e.g., Ge & Er, 2005; Pea, 2004; Puntambekar & Hu¨ bscher, 2005). TELEs deviate from 

conventional settings by utilizing computers to guide and amplify the learning process. In conventional 

technology-based contexts, designing scaffolding has been driven by experts' comprehension of how best to aid 

a novice's learning. Technology-enhanced learning environments have the potential to expose students to the 

diverse realms of scientific inquiry by involving them in various inquiry methods. An added advantage of 

technology-enhanced learning lies in the ability to reuse educational components. If these reusable components 

are appropriately defined, they can ensure a consistent visual and experiential framework, as well as a uniform 

approach to cognitive support across multiple learning environments.  Our comprehension of 'technology-

enhanced learning' will advance more rapidly within an academic teaching community that functions akin to a 

learning system, mirroring the way knowledge developers progress through peer-reviewed collaborative 

research. The prerequisites for innovation and discovery, marked by peer review and quality validation, should 

mirror those in learning and teaching just as they do in any other domain. Expenditure on technology-enhanced 

learning is on the rise annually, driven by the anticipation of benefits for both institutions and learners, coupled 

with the experienced advantages in many cases. This trend is set to persist. TEL is gradually becoming more 

mainstream as educational institutions enhance their ICT infrastructure and personal accessibility becomes more 

widespread. While this progression can be beneficial, the lack of reasonable cost control raises the concern that 

this expenditure might disproportionately deplete the limited educational funding available, without yielding 

equivalent value.  

Grey relational analysis (GRA) stands as a valuable tool in multi-criteria decision-making (MCDM) challenges, 

originally conceived by Deng. It has been effectively employed to tackle various MCDM issues. GRA functions 

as an impact assessment model, capable of gauging the relationship between series, and falls under the data 

analytic or geometric methodology category. Typically, researchers establish a reference series derived from the 

problem's objectives, which serves as the benchmark series. The fundamental objective of the grey relational 

analysis method is to gauge the association between this reference series and the comparison series. This study 

introduces an extended fuzzy GRA technique to address MCDM problems. The criteria values are presented as 

linguistic variables in the format of interval-valued triangular fuzzy numbers, with unknown criterion weight 

information. To ascertain these criterion weights, optimization models are constructed based on the foundational 

principles of traditional GRA.. 

 

2. TECHNOLOGY ENHANCED LEARNING METHODS 

 

The realm of education is not shielded from the progressions brought about by advanced information and 

communication technology (ICT). In fact, technology-enhanced learning (TEL) has emerged as a pivotal subject 

within discussions surrounding education, spanning from early childhood to higher education (HE). Throughout 

this domain, the central theme of the discourse revolves around how the methods of teaching and learning can 

leverage technology for improvement, while simultaneously addressing the challenges that arise in this context. 

1. Interactive Online Courses: Educational institutions experienced a rapid expansion of their online 

learning options to cater to the approximately 4 million U.S. students (80% of whom were undergraduates) 

who engaged in at least one online course during Fall 2007. Notably, one out of every five institutions 

introduced online courses for the first time during this period (Allen & Seaman, 2008). A substantial 60% of 
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Chief Academic Officers recognized the strategic significance of online learning, while over half 

acknowledged that their faculty perceived online courses as valid learning experiences (Allen & Seaman). 

Chickering and Gamson (1987) emphasized the vital role of interaction in the learning process. Five of their 

seven principles directly underscore interaction among (1) participants involved in the learning journey and (2) 

participants engaged with the subject matter. These include fostering connections between students and 

faculty, promoting reciprocity and collaboration among students, delivering timely feedback, emphasizing 

effective time utilization, and setting high expectations. Preparing students for interactive online courses goes 

beyond merely imparting technical skills. Engaging with email, participating in discussion boards and chat 

rooms, utilizing electronic mailing lists, sharing attachments, downloading software, web searching, managing 

digital resources, exploring online databases, and publishing content on the web all offer valuable learning 

experiences. However, these technological exposures cannot replace the essential personal qualities that are 

equally critical for achieving success. Attributes like time management, self-discipline, independent learning, 

proactive information retrieval, and knowledge construction are essential prerequisites. While participating in 

the "Foundations of Learning through Distance Education" course, students not only gained proficiency in 

technical skills but also developed the personal traits necessary for effective learning in a distance education 

setting. Addressing learners' needs is the primary stride towards preparing students for triumph in interactive 

online courses. As students grasp the utility of computers, their motivation to learn is heightened. For instance, 

at Troy State University, enrollees in the Master of Science in Education program, which includes online 

interactive courses, are mandated to take the "Foundations of Learning Through Distance Education" course. 

This step aids them in cultivating the proficiencies vital for excelling in online interactive distance learning 

courses. The anticipated outcomes encompass the acquisition of fundamental competencies for active 

participation and learning in online courses, as well as fostering confidence in their ability to persist in their 

educational journey. 

2. Virtual Reality Classroom: The virtual reality classroom exhibited notably superior learning motivation, 

learning outcomes, and positive influences on the academic achievement scores of students. Virtual Reality 

(VR) technology has ushered in an entirely novel dimension to the virtual classroom concept, diverging from the 

traditional didactic delivery of information often found in most Virtual Classrooms. In contrast, Virtual Reality 

introduces the capacity to visualize 3D data and integrates interactive functionalities that enhance the sense of 

being immersed within a computer-generated realm [2]. Scholars and educators alike believe that this mode of 

instruction enhances learning due to humans' enhanced ability to grasp theories when presented with 3D 

computer-generated data, as opposed to simply reading text. The objective of this project is to explore how 

various attributes of immersive virtual environments can be leveraged by online learners to enhance their 

comprehension of concepts. 

3. Gamified Learning Platform: Numerous educational institutions have embraced the adoption of e-learning as 

a strategic response to technological advancements, aiming to enhance the quality and effectiveness of 

education. This trend was evident during the e-learning training for Madrasah Ibtidaiyah (Islamic elementary 

school) teachers in DKI Jakarta Province in January 2020. The primary objective of the training was to enhance 

teachers' technological competence, specifically in utilizing e-learning within their schools. One of the topics 

covered was the application of gamification-based learning tools, specifically Quizizz. However, observations 

made during the training revealed that many Madrasah Ibtidaiyah teachers faced challenges when navigating the 

Quizizz application. The complexity of the application's interface and its numerous features proved to be 

confusing for teachers less accustomed to its usage. As highlighted by Lim et al. (2013), "Different learners may 

have different learning needs, and different users may have different requirements on how the program content 

should be displayed" [6]. 

4. Personalized Learning AI: The student-system relationship is established through the configuration of 

student profiles and preferences, as well as during their navigation through personalized learning designs. A 

unique learning path is generated for each student offline before utilizing the Learning Management System 

(LMS), ensuring that students' learning behaviors remain unchanged without requiring any specific 

adjustments—technological aspects operate seamlessly in the background. This personalized learning approach 

encompasses five fundamental requisites. Firstly, the module tailors content according to each student's learning 

style while granting instructors transparent insight, all while safeguarding student privacy. Moreover, the 

platform creates a personalized learning environment that empowers students to learn, practice, and explores 

their own model of learning concepts and modules. This is facilitated through an educational cloud-based 

platform known as Cloud-eLab, designed to foster AI-driven learning and problem-solving. Leveraging 

automatic cognitive feedback from students, the platform offers personalized learning experiences, curating 

content to accelerate learning rates and amplify interest. Furthermore, it supports scalable computable content 

and adaptable modules across all educational levels. 

5. Collaborative Social Learning: Social learning is a burgeoning concept that draws insights from diverse 

fields of study, encompassing social psychology, adult education, planning, and international development (for 

an overview, refer to Muro and Jeffrey, 2008). The genesis of social learning traces back to examinations of 
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individual learning, including the imitation of role models (Bandura, 1977), and the experiential learning 

undertaken by adults as they continually shape and reshape ideas by testing them against past experiences (Kolb, 

1984). Organizational management scholars extended the concept's discourse, moving beyond the examination 

of individual cognition, to explore learning within and by groups and organizations through interactions (e.g., 

Argyris and Schon, 1978; Senge, 1990). The concept of social learning holds potential for effectively managing 

intricate social-ecological systems sustainably (Steyaert and Jiggins, 2007). This potential becomes particularly 

relevant as researchers and managers strive to comprehend the mechanisms driving successful participatory 

environmental management processes. 

The dataset evaluates six Technology Enhanced Learning Methods based on four key benefit criteria: Learning 

Effectiveness, measured by the improvement in post-assessment scores compared to pre-assessment; 

Engagement, gauged by user interaction and participation levels; Adaptability, reflecting the capacity to tailor 

content according to individual learner preferences and pace; and Skill Transfer, assessing the practical 

application of acquired knowledge and skills in real-world scenarios. Additionally, the dataset considers four 

non-benefit criteria when evaluating the Technology Enhanced Learning Methods: Cost, encompassing 

development, maintenance, and accessibility expenses; Accessibility, accounting for availability across diverse 

devices and internet connectivity tiers; User Experience, comprising factors like intuitiveness, navigation ease, 

and overall user contentment; and Data Privacy, evaluating the methods' handling and safeguarding of user data 

and personal information. 

 

3. GREY RELATIONAL ANALYSIS (GRA) 

 

In 1989, Deng introduced the concept of Grey theory. Its primary objective is to address uncertainties or 

incomplete data within systematic models by making the most of available information to address issues within 

the grey system. Grey theory is specifically designed to manage uncertainty in situations with limited data 

samples and imprecise information. In contrast, traditional mathematical statistics relies on abundant data for 

analysis, often being unable to estimate functions with inadequate data. However, Grey theory is effective with 

even small datasets. It emphasizes the analysis of relationships, building models, and forecasting in scenarios 

involving indefinite and incomplete information. The Grey Relational Analysis (GRA) method, originally 

devised by Deng, has been effectively employed in resolving diverse Multiple Attribute Decision-Making 

(MADM) issues. These encompass scenarios such as hiring decisions, power distribution system restoration 

planning, integrated-circuit marking process inspection, quality function deployment modeling , silicon wafer 

slicing defect detection, and more. GRA's primary process entails converting the performance of all options into 

a comparable sequence, a step referred to as grey relational generation. Based on these sequences, an optimal 

target sequence is defined. Subsequently, the grey relational coefficient is calculated between all comparable 

sequences and the ideal target sequence. This calculation culminates in determining the grey relational degree 

between the ideal target sequence and each of the comparable sequences. If a comparable sequence derived from 

a particular alternative possesses the highest grey relational degree with the ideal target sequence, that 

alternative is deemed the most favorable choice. 

 

4. RESULT AND DISCUSSION  

TABLE 1. Sample Data 
 Learning 

Effectiveness 

Engag

ement 

Adapt

ability 

Skill 

Transfer 

Cost Accessibil

ity 

User 

Experience 

Data 

Privacy 

Interactive Online Courses 0.75 0.85 0.70 0.70 0.60 0.90 0.85 0.75 

Virtual Reality Classroom 0.90 0.80 0.60 0.65 0.85 0.75 0.80 0.70 

Gamified Learning Platform 0.80 0.90 0.75 0.80 0.70 0.80 0.90 0.80 

Personalized Learning AI 0.85 0.75 0.95 0.85 0.95 0.85 0.75 0.85 

Collaborative Social Learning 0.70 0.95 0.80 0.70 0.80 0.70 0.95 0.70 

The provided table presents a comparative analysis of various educational approaches based on several key 

parameters. Interactive Online Courses demonstrate strong scores in Learning Effectiveness (0.75) and 

Engagement (0.85), highlighting their ability to effectively convey information and maintain learner interest. 

Virtual Reality Classrooms excel in Learning Effectiveness (0.90) and Skill Transfer (0.65), suggesting their 

potential for immersive and impactful learning experiences. Gamified Learning Platforms stand out in 

Engagement (0.90) and User Experience (0.90), indicating their success in keeping learners engaged and 

satisfied. Personalized Learning AI showcases high scores in Adaptability (0.95) and Skill Transfer (0.85), 

underscoring its capability to adjust to individual learning needs and promote practical skill development. 

Collaborative Social Learning shines in Engagement (0.95) and Data Privacy (0.95), highlighting its 
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collaborative nature and attention to safeguarding user data. Each approach presents a unique blend of attributes, 

allowing educators and learners to make informed decisions based on their specific priorities and preferences. 

TABLE 2. Normalized Data 
 Learning 

Effectiveness 

Engagem

ent 

Adapta

bility 

Skill 

Transfer 

Cost Accessi

bility 

User 

Experience 

Data 

Privacy 

Interactive Online Courses 0.2500 0.5000 0.2857 0.2500 1.0000 0.0000 0.5000 0.6667 

Virtual Reality Classroom 1.0000 0.2500 0.0000 0.0000 0.2857 0.7500 0.7500 1.0000 

Gamified Learning Platform 0.5000 0.7500 0.4286 0.7500 0.7143 0.5000 0.2500 0.3333 

Personalized Learning AI 0.7500 0.0000 1.0000 1.0000 0.0000 0.2500 1.0000 0.0000 

Collaborative Social Learning 0.0000 1.0000 0.5714 0.2500 0.4286 1.0000 0.0000 1.0000 

Table 2 presents normalized data that offers a comprehensive view of various educational approaches based on 

different attributes. In terms of Learning Effectiveness, Virtual Reality Classrooms score the highest (1.0000), 

indicating their efficacy in delivering impactful learning experiences. Collaborative Social Learning ranks 

highest in Engagement (1.0000), underscoring its ability to captivate and involve learners effectively. 

Personalized Learning AI excels in Adaptability (1.0000), demonstrating its capacity to tailor education to 

individual learning needs. Additionally, this approach and Virtual Reality Classrooms both attain full marks in 

Skill Transfer, implying their success in promoting practical knowledge application. Cost-wise, Interactive 

Online Courses hold the highest normalized value (1.0000), suggesting they might be the most cost-effective 

option. Accessibility is strongest for Virtual Reality Classrooms (0.7500), while Gamified Learning Platforms 

present higher Accessibility than other methods. In terms of User Experience, Personalized Learning AI 

(1.0000) and Virtual Reality Classrooms (0.7500) lead the way. Data Privacy is highest for Collaborative Social 

Learning and Virtual Reality Classrooms (both 1.0000), implying their attention to safeguarding user data. This 

normalized data aids educators and learners in making informed decisions based on the attributes most relevant 

to their preferences and requirements. 

TABLE 3. Deviation sequence 

  Learning 

Effectiveness 

Engage 

ment 

Adapt 

ability 

Skill 

Transfer 

Cost Accessibility User 

Experience 

Data 

Privacy 

Interactive Online Courses 0.7500 0.5000 0.7143 0.7500 0.0000 1.0000 0.5000 0.3333 

Virtual Reality Classroom 0.0000 0.7500 1.0000 1.0000 0.7143 0.2500 0.2500 0.0000 

Gamified Learning Platform 0.5000 0.2500 0.5714 0.2500 0.2857 0.5000 0.7500 0.6667 

Personalized Learning AI 0.2500 1.0000 0.0000 0.0000 1.0000 0.7500 0.0000 1.0000 

Collaborative Social Learning 1.0000 0.0000 0.4286 0.7500 0.5714 0.0000 1.0000 0.0000 

Table 3 showcases a deviation sequence that reflects the variation of each educational approach from the 

average score across different attributes. Interactive Online Courses display deviations of 0.7500 for Learning 

Effectiveness, 0.5000 for Engagement, 0.7143 for Adaptability, 0.7500 for Skill Transfer, 0.0000 for Cost, 

1.0000 for Accessibility, 0.5000 for User Experience, and 0.3333 for Data Privacy. These deviations suggest 

that Interactive Online Courses significantly deviate from the mean in terms of Accessibility and Cost, scoring 

highest in Accessibility and lowest in Cost. Virtual Reality Classrooms show deviations of 0.0000 for Learning 

Effectiveness, 0.7500 for Engagement, 1.0000 for Adaptability, 1.0000 for Skill Transfer, 0.7143 for Cost, 

0.2500 for Accessibility, 0.2500 for User Experience, and 0.0000 for Data Privacy. This indicates that Virtual 

Reality Classrooms greatly deviate in terms of Adaptability, Skill Transfer, and Engagement, scoring highest in 

Adaptability and Skill Transfer. For Gamified Learning Platform, the deviations are 0.5000 for Learning 

Effectiveness, 0.2500 for Engagement, 0.5714 for Adaptability, 0.2500 for Skill Transfer, 0.2857 for Cost, 

0.5000 for Accessibility, 0.7500 for User Experience, and 0.6667 for Data Privacy. These deviations highlight 

significant differences in Adaptability, User Experience, and Data Privacy. Personalized Learning AI showcases 

deviations of 0.2500 for Learning Effectiveness, 1.0000 for Engagement, 0.0000 for Adaptability, 0.0000 for 

Skill Transfer, 1.0000 for Cost, 0.7500 for Accessibility, 0.0000 for User Experience, and 1.0000 for Data 

Privacy. This indicates substantial deviations in terms of Engagement, Cost, and Data Privacy. Collaborative 

Social Learning presents deviations of 1.0000 for Learning Effectiveness, 0.0000 for Engagement, 0.4286 for 

Adaptability, 0.7500 for Skill Transfer, 0.5714 for Cost, 0.0000 for Accessibility, 1.0000 for User Experience, 

and 0.0000 for Data Privacy. This signifies notable differences in terms of Learning Effectiveness, 

Accessibility, and User Experience. 

TABLE 4. Grey relation coefficient 
  Learning 

Effectiveness 

Engage 

ment 

Adapt 

ability 

Skill 

Transfer 

Cost Accessibility User 

Experience 

Data 

Privacy 

Interactive Online Courses 0.4000 0.5000 0.4118 0.4000 1.0000 0.3333 0.5000 0.6000 

Virtual Reality Classroom 1.0000 0.4000 0.3333 0.3333 0.4118 0.6667 0.6667 1.0000 

Gamified Learning Platform 0.5000 0.6667 0.4667 0.6667 0.6364 0.5000 0.4000 0.4286 
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Personalized Learning AI 0.6667 0.3333 1.0000 1.0000 0.3333 0.4000 1.0000 0.3333 

Collaborative Social Learning 0.3333 1.0000 0.5385 0.4000 0.4667 1.0000 0.3333 1.0000 

Table 4 presents the Grey Relation Coefficient for different educational approaches across various attributes. 

This coefficient is used in Grey Relational Analysis, a method that quantifies the relationship between a 

reference sequence and other sequences to evaluate their similarity and rank their importance. For Interactive 

Online Courses, the Grey Relation Coefficient varies from 0.3333 to 1.0000 across different attributes, with the 

highest coefficient for Cost (1.0000), indicating that Cost has the strongest correlation with the reference 

sequence. Virtual Reality Classrooms show the highest coefficient of 1.0000 in Learning Effectiveness, 

Accessibility, and Data Privacy, suggesting strong correlations in these aspects. In the case of Gamified 

Learning Platform, the attributes with the highest coefficients are Skill Transfer (0.6667) and Accessibility 

(0.6364), indicating significant correlations. Personalized Learning AI displays a perfect correlation (1.0000) 

with Adaptability, Skill Transfer, and User Experience, suggesting a strong alignment in these areas. 

Collaborative Social Learning has a coefficient of 1.0000 in Engagement, Accessibility, and Data Privacy, 

implying notable relationships in these attributes. The Grey Relation Coefficient values offer insights into the 

relative importance and correlation of each attribute with respect to the reference sequence. This analysis can 

assist in identifying the attributes that contribute most to the overall evaluation of each educational approach. 

TABLE 5.GRG 

Interactive Online Courses 0.5181 

Virtual Reality Classroom 0.6015 

Gamified Learning Platform 0.5331 

Personalized Learning AI 0.6333 

Collaborative Social Learning 0.6340 

Table 5 presents the results of Grey Relational Analysis using Grey Relational Grade (GRG) to assess the 

similarity and alignment of different educational approaches with a reference sequence. The GRG values 

assigned to each approach offer a clear ranking based on their proximity to the reference sequence. 

Collaborative Social Learning and Personalized Learning AI stand out with the highest GRG values of 0.6340 

and 0.6333, respectively, indicating their substantial resemblance to the reference. Virtual Reality Classroom 

follows closely with a GRG of 0.6015, highlighting its notable alignment. On the other hand, Gamified Learning 

Platform and Interactive Online Courses exhibit slightly lower GRG values of 0.5331 and 0.5181, respectively, 

suggesting a relatively lesser resemblance to the reference sequence. This analysis provides valuable insights 

into the comparative performance of these educational approaches based on their Grey Relational Grades. 

TABLE 6. Rank 

Interactive Online Courses 5 

Virtual Reality Classroom 3 

Gamified Learning Platform 4 

Personalized Learning AI 2 

Collaborative Social Learning 1 

 

In Table 6, a ranking has been assigned to each educational approach based on certain criteria or evaluation 

metrics. Collaborative Social Learning holds the top rank of 1, indicating its superior performance according to 

the criteria being considered. Following closely is Personalized Learning AI with a rank of 2, suggesting its 

strong performance as well. Virtual Reality Classroom secures the third rank with a score of 3, while the 

Gamified Learning Platform takes the fourth position with a rank of 4. Interactive Online Courses hold the fifth 

and final rank with a value of 5. This ranking provides a straightforward understanding of how each educational 

approach fares in comparison to the others according to the specified criteria. 

 

5. CONCLUSION 
 

In conclusion, the comprehensive analysis of various educational approaches provides valuable insights into 

their effectiveness and suitability across multiple attributes. Interactive Online Courses exhibit strengths in 

Learning Effectiveness and Engagement, making them an appealing choice for learners seeking interactive 

online education. Virtual Reality Classrooms excel in Learning Effectiveness and Skill Transfer, highlighting 

their potential for immersive and impactful learning experiences. Gamified Learning Platforms are particularly 

strong in Engagement and User Experience, offering an engaging and satisfying learning environment. 

Personalized Learning AI stands out in Adaptability and Skill Transfer, showcasing its ability to cater to 

individual learning needs and promote practical skill development. Collaborative Social Learning excels in 

Engagement and Data Privacy, emphasizing its collaborative nature and commitment to user data protection. 

When considering normalized data, Virtual Reality Classrooms shine in Learning Effectiveness and 
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Accessibility, while Collaborative Social Learning showcases exceptional Engagement and Data Privacy scores. 

Grey Relational Analysis further emphasizes the alignment of Collaborative Social Learning and Personalized 

Learning AI with the reference sequence, indicating their strong resemblance and potential effectiveness. 

Ultimately, the choice of an educational approach should be guided by individual preferences, learning 

objectives, and the specific attributes that hold the highest priority. Each method offers a unique blend of 

strengths, allowing educators and learners to make informed decisions to optimize their learning experiences. 
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