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Abstract

:

Featured Application


This study offers an overview of the importance of artificial intelligence in terms of education through its reflection in MOOCs. These courses are open to all citizens and involve the participation of public institutions and private companies; so, the content of this article is useful as a source for other researchers and for the transfer of knowledge beyond the formal education context.




Abstract


MOOCs (massive open online courses) are popular distance courses for which anyone can sign up online with no limits on the number of participants. Moreover, artificial intelligence is a combination of algorithms for the development of human and rational capabilities by machines. This article presents a quantitative study with a sample of 734 MOOCs on artificial intelligence from three important platforms. Through exploratory and factor analyses, and with the support of a category system, it is concluded that, there are similarities in terms of access to content, ease of navigation, design, toolbars, consistency, visible hypertexts, browsing support and links, help in content searching, and course development with regard to the technical dimension. Regarding the pedagogical dimension, xMOOCs represent the most extensive international trend, and unidirectional resources predominate. In relation to the content dimension, MOOCs that include content on the emerging and current uses of artificial intelligence in learning and training are remarkable, including three main trends in MOOCs on artificial intelligence: machine learning and education, ethics of AI, and human learning and inclusivity.







Keywords:


artificial intelligence; human learning; machine learning; ethics; MOOC












1. Introduction


Globalization has spread technology, trade, and democracy across the globe [1], and has been expanded with the development of information and communication technologies (ICTs). The development of technologies by itself is not decisive for the transformation of social structures or the change in the teaching–learning processes. In this sense, learning and knowledge technologies (LKTs) recognize the importance of the active nature of users in the learning society. LKTs, unlike ICTs, do not focus attention on technical or instrumental aspects but rather on educational aspects that imply didactic mediation [2,3]. With regard to this, in learning environments, MOOCs (massive open online courses) are distance courses where anyone can sign up online without limits on the number of participants. The acronym comes from massive, referring to the possibility of a huge number of people attending the course; open, the content that can be shared and sometimes modified; online, autonomous access and development via the Internet; and course, which is structured for learning by passing tests [4,5].



Over the years, researchers have considered different trends in educational environments. According to this new situation, “ignoring emerging technologies and not including responsible use of them in the classroom implies a disconnection with social reality and social (and labour) needs in the near future” [3] (p. 286), considering that adaptability to technological environments [6] or critical thinking and creative thinking [7] are essential.



The 2023 Educause Horizon report considers that the potential for AI to become mainstream is growing and that the online versus face-to-face dichotomy is being disrupted. This is highlighting the impact of AI on the teaching and learning experience: “It can impact teaching by helping faculty create instructional content and grade assessments. It can impact the student experience by increasing engagement through the use of avatars and the metaverse, in addition to improving learning outcomes via personalizing learning” [8] (p. 10). Focusing on increasing the use of AI in socio-educational contexts, an analysis of the MOOCs on AI of the last 5 years was carried out using the three main platforms: Coursera, EdX, and MiriadaX. From an interdisciplinary perspective, this study focuses on the technical dimension, pedagogical dimension, and AI content of MOOCs. Thus, from the main exploratory to factorial approaches, the research objectives were as follows: Objective 1, know the technical dimension of MOOCs about artificial intelligence in the Coursera, Edx, and MiriadaX platforms; Objective 2, know the pedagogical dimension of MOOCs about artificial intelligence in the Coursera, Edx, and MiriadaX platforms; and Objective 3, understand the main MOOC trends regarding artificial intelligence.



1.1. Technical and Pedagogical Dimensions of MOOCs


Regarding the technical dimension of MOOCs, this study focuses on access, navigation, and interactivity. To access some programs and browsers, software components that add specific features (plugins) are needed. Academic studies on MOOCs [9,10,11,12] have established dimensions around quality that include items concerning didactics and pedagogy, and the trainer and student’s role or functionality, among others. Along these lines and focusing on roles and functionality, the present study defines the navigation (design, browsing, hypertexts, search engine content, etc.) and interactivity (teacher–student, student–student, messaging, chat, etc.) of MOOCs and MOOC platforms. Regarding the pedagogical dimension, MOOCs involve modular learning that is accessible and allows students or professionals to acquire specific competences based on their actual academic or work needs. This includes the partitioning of degrees into smaller units, described by edX CEO [13] as “Lego-like building blocks of learning”. In general terms, competences are defined as a combination of knowledge (facts, concepts, ideas, theories), skills (the ability to carry out processes), and attitudes (disposition to act/react to ideas, persons, or situations). The 2006 Recommendation on Key Competences for Lifelong Learning encouraged the development of competence-oriented teaching and learning. In general terms, seven key competences could be highlighted [14]: communication, mathematical competence and basic competences in sciences and technology, digital, learning to learn, social and civic, sense of initiative and entrepreneurship, and cultural awareness and expression. According to this approach, the content is established at different levels for the integration of knowledge, skills, and attitudes. A previous study has set out three types of integration processes between knowledge and skills [15]: low-road integration, because of practice towards automatic performance; high-road integration, when learners are able to abstract and detach information from its original context and apply it in new contexts; and transformative integration, linked to critical reflection that involves the ability to withstand social pressure.



The popularization of MOOCs was represented in the article “The Year of the MOOC” by the New York Times [16]. In relation to the methodology, the main international trend considers xMOOCs and cMOOCs as basic types [17]: xMOOCs are unidirectional and behaviorism-based courses where evaluation is based on questions, tests, and/or work delivery by students, and where dialogues between them are not promoted. CMOOCs are connectivism-based courses that are oriented under the guidelines of the connective learning of Siemens [18] and Downes [19]. Moreover, xMOOCs are teacher-based and centralised, and cMOOCs are self-organized and networked [17]. According to this classification and in relation to learning type, the following options can be considered: cumulative, comprehensive, integrated, and critical, with a constant or ascending level of complexity.



Regarding resources, MOOCs can use videos, readings, and questionnaires (typical in traditional courses); additionally, they can include forums to create a learning community [20,21]. The evaluation of MOOCs can include what, when, and how to evaluate information for students. What to evaluate is related to objectives and content, when to evaluate considers several options (at the end of each module; at the end of the course; before, during and at the end), and how to evaluate [17] can include self-assessment, peer assessment, etc. Regarding the MOOC platforms, in 2012, due to the high number of enrolled students and based on the technology developed at Stanford, Daphne Koller and Andrew Ng created Coursera. This platform was supported by universities such as Michigan, Penn, Princeton, and Yale. In 2012, the Massachusetts Institute of Technology (MIT) and Harvard jointly produced the Edx Project, a project created from MITx at MIT. Moreover, platforms such as MiriadaX also exist.




1.2. Artificial Intelligence in Educational Learning


According to the EDUCAUSE website, IBM Watson Education focuses on using AI in order to expand learning outcomes and solutions to support all students, following several steps: Step 1, personalized content for students that is based on mastery, lessons, activities, and assignments for students related to today’s society; Step 2, enhancing early childhood vocabulary development, using an app of tablet-based vocabulary learning that can recognize areas that involve additional focus; and Step 3, 1:1 AI-based tutoring for students, which allows users to track students’ progress, adapts the conversation, and provides insights for instructors. Moreover, computer science experts differentiate several types of AI, including systems that think like humans, systems that act like humans, systems that think rationally, and systems that act rationally [22]. AI allows teachers to personalize learning experiences, reducing workloads and assisting with dataset analysis. However, AI is a combination of algorithms designed to create similar capabilities to humans in machines. In general terms:




AI uses computer systems to accomplish tasks and activities that have historically relied on human cognition. Advances in computer science are creating intelligent machines that functionally approximate human reasoning more than ever before. Harnessing big data, AI uses foundations of algorithmic machine learning to make predictions that allow for human-like task completion and decision-making. As the programming, data, and networks driving AI mature, so does the potential that industries such as education see in its application. However, as AI develops more human-like capability, ethical questions surrounding data use, inclusivity, algorithmic bias, and surveillance become increasingly important to consider. Despite ethical concerns, the higher education sector of AI applications related to teaching and learning is projected to grow significantly [8] (p. 27).





In general terms, AI can be used for education, teaching, and learning; moreover, MOOCs can focus on several dimensions of AI including algorithmic bias, programming, analysis, machine learning, deep learning, human learning, ethical questions in data use, or inclusivity. UNESCO’s principle of inclusion from Sustainable Development Goal 4 in the Education 2030 Framework for Action highlights the importance of using the necessary means that allow people to participate in their environment regardless of their specific needs or social situation [23]. This reduces social exclusion and eliminates forms of discrimination in the learning environment. The development of new technologies, such as AI, means new possibilities for attention to diversity, active participation, and social interaction in educational and social environments. In this sense, some opportunities can be focused on [24]:




	
Teachers’ modelling: AI can help teachers reflect on and improve the effectiveness of their instructional activities in classrooms.



	
Multimodal interactions: Sensing technology, ambient classroom tools, and educational robots introduce alternative dynamics in learning environment by increasing interactivity, engagement, and feedback for students and teachers.



	
Educational robots and empathic systems: Making a machine appear to be empathic through encoding can encourage children to adopt positive behaviors.



	
Ethical Issues: Ethics in AI is an area that is receiving attention. This is especially important due to the influence of machines on students.








Regarding ethical implications, some important aspects could be considered [25]: criteria in defining and updating the ethical boundaries of the collection and use of learners’ data; not being able to easily interrogate how AI makes decisions; ethical obligations of private organizations (product developers) and public authorities (schools and universities); and how students’ interests and emotions as well as the complexity of the learning process impact upon the interpretation of the data and ethics of AI applied in educational contexts and pedagogical approaches that are ethically warranted. In general terms, the UNESCO Recommendation on Ethics of AI include the following principles [26] (p. 61): proportionality and do no harm, safely and security, fairness and non-discrimination, sustainability, right to privacy and data protection, human oversight and determination, transparency and explainability, responsibility and accountability, awareness and literacy, and multi-stakeholder and adaptive governance and collaboration.



Regarding adaptive learning technologies (ALT), they generate a dynamic adjustment of content and a didactic sequence to improve student learning through programmed interventions or with teacher intervention according to data provided by the system. One of the main objectives of these kind of technologies integrates the orientation of students. This orientation includes adapting their learning itinerary, promoting active learning, and offering significant support to at-risk students [3]. Adaptive systems can organize learning content, with techniques for matching the presentation of content that are properly adapted to individual students in a personalized way, and multiple assessment inputs to evaluate students’ skills. Adaptive systems need several features in terms of content, assessment, and competency frameworks. The main features of learning adaptive systems are [27]:




	
Content Scaffolding: Depending on the proficiency level of learners, scaffolding provides statistically different questions to various learners. In scaffolding methods, content modules are designed to index concepts.



	
Social Interaction: This refers to content-driven group collaboration related to social skills.



	
Content Inter-operability: Appropriate content is continuously and dynamically identified through interoperable content management systems.



	
Metadata: This method is used for the advanced tagging of content with underlying data on the different content modules (e.g., age, level, subject area identifiers, learning outcomes).



	
Normed- vs. Criterion-referenced Assessments: Criterion-referenced assessments show the performance of learners in relation to a defined set of outcomes. Norm-referenced assessments are designed to compare the performance of individual students with the performance of a representative sample of peers or “norm group”.



	
Predictive Psychometric Design: Adaptive tests make it possible to accurately place a learner on an individualized learning pathway; this is possible because the predictive capabilities are derived from the adaptive assessment design.



	
Diagnostic Classification Modelling: The diagnosis of cognition, competence of a particular skill, or sub-competence of a defined outcome is important in adaptive systems to align teaching, learning, and assessment.



	
Zone of Proximal Development: This refers to the difference between what learners can do without help and what they can do with help.



	
Self-assessment: Learners’ self-assessment is compared to what the adaptive system knows about a completed sequential piece of work.



	
Skill Standards Libraries: Skills are defined by the units of knowledge, skills, and abilities used in assessment. Libraries of skill standards are constructed as a correlative “benchmark” or outcome in modular adaptive content and assessment, informing students of what is expected of them.



	
Competences/Sub-competencies: Identified skills and competencies are delineated by “sub-competencies”.



	
Prerequisite Knowledge and Prior Knowledge Qualifiers: Prior learning as assessment is learner-centered, and places learners at a starting point for the next viable competence to learn to build on existing knowledge.








AI can be applied in terms of education in multiple ways and focused on students, teachers, or institutions [28]. Due to the importance of student autonomy in MOOCs, in this study, we were especially interested in the pedagogical aspects related to the learning process.



As the NMC Horizon Report 2018 states, ALT “refers to technologies that monitor student progress and use data to modify instruction at any time” [29] (p. 42), and they are linked to personalized learning approaches and learning analytics. In general terms, ALT would be related to AI using its basic algorithms to personalize learning and to offer content adapted to students. Due to the expansion of MOOCs and the development of artificial intelligence (AI) in daily life, as an assistive technology for children, adults and education, a review of the trends in artificial intelligence in MOOCs from the last 5 years was carried out within the following three platforms: Coursera, EdX, and MiriadaX. Considering the complexity of both conceptualizations and understanding the main relationships between MOOC content, not only central tendency but also a factorial analysis based on correlations was carried out, considering the importance of this technology in terms of education and learning issues.





2. Materials and Methods


2.1. Research Methodology, Sample, and Data Collection


The methodological approach of this research is quantitative. The sample consists of a random selection of 734 MOOCs on AI from the last 5 years from the following platforms: Coursera (654), Edx (75), and MiriadaX (5). They can be divided into five macro-reference areas (Figure 1): experimental sciences (64/734), health sciences (30/734), technical teachings (526/734), social and legal sciences (84/734), and humanities (30/734).



Sampling was carried out through the search bar of the respective platforms using the following keywords: “artificial intelligence”, “human learning”, “machine learning”, and “deep learning analysis”. The sampling strategy was simple random sampling. In this strategy, every set of items has the same probability of being chosen. Pedagogical and technical dimensions of MOOCs in the data collection tool were adapted from several questionnaires: a questionnaire for the evaluation of the teaching, technical, and educational aspects of teaching sites [12] and a questionnaire to measure the quality of a MOOC [30]. Regarding these dimensions, the ‘Yes’ and ‘No’ scale was maintained, with several exceptions. Items for data collection in the specific “artificial intelligence” block were related to the theoretical background. In terms of artificial intelligence, we focused on “content” and “types”. Exploratory and factorial analyses allowed us to define emerging trends in MOOCs regarding artificial intelligence.




2.2. Categories System and Data Analysis


After the problem was defined and references were reviewed, a system of categories was used, whose specific structure was adapted from a reference source [2]. This reference includes a coding system where “DID” corresponds to the category of the pedagogical dimension of the MOOCs and “TEC” corresponds to the technical dimension of the MOOCs. In addition, a new category of “AI” has been added with the support of other specific proposals [3,8,24,31,32,33]. In general terms, three categories of this system regarding MOOC platforms and MOOCs are the pedagogical dimension (Table 1), technical dimension (Table 2), and specific block: artificial intelligence (Table 3).



After categorization, the data are entered into the statistical program “SPSS” v.19, allowing analysis of the data. The analyses include an exploratory analysis through descriptive methods for all categories and a factor analysis through correlational methods for items in specific categories. In terms of the general structure of the analysis of the technical and pedagogical dimensions of this study, we took as a reference the study of MOOCs on citizenship education [2], focusing, in this case, on MOOCs on artificial intelligence.





3. Results and Discussion


3.1. Technical Dimension of MOOCs


According to objective 1 and research question 1, the technical dimension refers to the possibilities of interactivity, browsing, and accessibility offered by Coursera, Edx, and MiriadaX. These platforms are very similar in technical terms. In comparison with our previous research [2], there are similarities regarding access to content, ease of navigation, design, toolbars, consistency, visible hypertexts, browsing support and links, help with content search, and the development of the course. The teacher–student interaction is possible, for example, through private messages, although the student–student interaction and the use of specific communication tools for oral communication are not possible. Moreover, social networks and student interaction tools do not have a notable relevance in the courses reviewed. Nevertheless, previous educational research considered the importance of social networks and the interaction between students in MOOCs [35]. In other words, xMOOCs represent the most extensive international trend. Consistent with this international MOOC trend, previous research has indicated that interaction is one of their main drawbacks [2,36], including challenges for MOOC developers such as the support for interaction, balance between theory and practical examples, technical and learning strategy support for students, and support that includes communication with other learners and feedback from teachers.




3.2. Pedagogical Dimension of MOOCs


Regarding the pedagogical dimension of MOOCs in objective 2 and research question 2, according to the data collected regarding INITIAL BASIC INFORMATION, the main language (DID.BAS.01) of artificial intelligence courses is English, with 694/734 courses. Temporalization (DID.BAS.02) is quite different, so that 19/734 courses are designed to last 1 week or less, 205/734 courses run from 1 to 4 weeks, 103/734 courses last for 5 weeks, 266/734 courses run for 6 weeks, 35/734 courses last 7 weeks, and 106/734 courses run for 8 weeks or more. The list of modules (DID.BAS.03) presented 659/734 courses, and in relation to the number of modules (DID.BAS.04), this was similar. The difficulty levels (DID.BAS.05) were classified as beginner (240/734 courses), intermediate and mixed (419/734 courses), and expert levels (75/734 courses). Some 508/734 courses do not require prior knowledge (DID.BAS.06). Courses usually present teaching teams or a person responsible for the training (DID.BAS.07). The general information guide (DID.BAS.08) is presented in almost all courses and contact information (DID.BAS.09) in 379/734 courses.



In relation to the objectives and competences subcategory, the aims (DID.OYC.01) are implicitly or explicitly presented in all courses. However, a lack of balance is observed between concepts, procedures, and attitudes. The main objectives are defined in a conceptual approach. On the other hand, competences (DID.OYC.02) are not explicit in 711/734 courses, but they can be considered from an implicit point of view. Communication competence (DID.OYC.03) is considered in 112/734 courses; mathematical competence and basic competences is considered in sciences and technology (DID.OYC.04) in 222/734 courses; digital competence (DID.OYC.05) in 628/734 courses; learning to learn competence (DID.OYC.06) in 168/734 courses; social and civic competence (DID.OYC.07) in 426/734 courses; sense of initiative and entrepreneurship competence (DID.OYC.08) in 349/734 courses; and cultural awareness and expression competence (DID.OYC.09) in 256/734 courses. In the courses reviewed, the development of digital competence predominates, followed by social and civic competence, and the competence focused on the sense of entrepreneurial initiative and spirit. Within the content subcategory, the integration of knowledge, skills and attitudes (DID.CON.01) is present in an eminently declarative manner in 255/734 courses. Consistent with our research results, digital competence development through MOOCs has been recognized in other research [37]. Moreover, the general integration of AI and the everyday context could explain the significant importance of social and civic competence in most of the MOOCs from our research sample. Research into the pedagogical elements of MOOCs reflected broad cognitive competences that emphasize the importance of critical thinking, evidence-based argumentation, evaluation of evidence, and application of acquired knowledge in problem solving [38]. In general terms, critical thinking has been acknowledged as a trans-disciplinary skill [39], but this skill needs the support of disciplinary content to solve problems and build arguments.



In the methodology subcategory, regarding the description of the teaching activity (DID.MET.01), in only 38/734 of the courses did the teacher actively act as a guide. In other words, there is an almost total predominance of a passive teacher and the dispensing of content (696/734). The details of students’ workload (DID.MET.02) are present in all courses, while the participation in the activities (DID.MET.03) is individual in 694/734 courses. Although previous research recognized the benefits of critical thinking in learning [38], 75.6% of courses from the sample are cumulative or comprehensive, and do not include elements that encourage the construction of critical competence. Thus, the type of learning (DID.MET.04) is predominantly cumulative in 275/734 courses, compressive in 287/734, critical in 90/734, and integrated in 82/734 courses (Figure 2). Regarding the degree of complexity (DID.MET.05), it is constant in 350/734 courses and ascending in 384/734.



In relation to the resources subcategory, readings (DID.REC.01), videos (DID.REC.02), and quizzes (DID.REC.03) are present in all MOOCs of the sample. There is no use of social networks (DID.REC.04), and the use of websites (DID.REC.05), and other applications and resources (DID.REC.06) is considered in 82/734 and in 9/734 courses, respectively. Consistently with our analysis of the technical dimension, there is a lack of variety of resources used in many MOOCs in the sample. Considering these deficits, several studies that have considered the students’ point of view state that MOOCs should create learning communities to increase student interaction, student feedback, and communication, including both synchronous and asynchronous communication tools, requiring more resources in addition to lecture videos [40,41,42]. One possibility achieving this is through tools inspired by social networks, such as Facebook [43]. In the schedule subcategory, the temporal detail for content development (DIC.CRO.01), including customized temporalization, is present in all courses. Regarding key dates and deadlines (DID.CRO.02), they are clearly defined in 663/734 courses. In the evaluation subcategory, the assessment criteria (DID. EVA.01) are defined in all courses. Focusing on when to evaluate (DID.EVA.02) is mainly considered at the end of each module (628/734). This is followed by at the end of the course (36/734) and before, during, and at the end (35/734). Furthermore, this is not defined in 35/734 courses. How to evaluate (DID.EVA.03) is explicitly indicated in 689/734 courses. Some researchers in several disciplines have reported similar findings regarding assessment [35,36,37,38,39]. Participation in forums (DID.EVA.06) and the drafting of written work (essays, reports, etc.) (DID.EVA.07) are used as an evaluation tool in 36 courses and 29 courses, respectively. Finally, in relation to the bibliography subcategory, a basic bibliography is present in 605/734 courses (including scientific reading such as articles, chapters, etc.), and a basic and complementary bibliography is present in 91/734 courses. A bibliography is not included in 38/734 courses.




3.3. Exploratory Analysis of Artificial Intelligence Content in MOOCs


This specific block is related to objective 3 and responds to a part of research question 3. Frequencies and percentages of the course content related to artificial intelligence are shown in Table 4. Considering that, in an implicit and explicit approach, ethical questions in data use (AI.CON.07) and inclusivity (AI.CON.08) are the least frequently used artificial intelligence content (4.4% and 5.2%, respectively), the most extended content in current MOOCs is machine learning (AI.CON.04), at 83.7%. This is followed by human learning (AI.CON.06) at 65.1%, analysis (AI.CON.03) at 62.6%, deep learning (AI.CON.05) at 61.3%, education, teaching, and learning (AI.CON.09) at 56.3%, programming (AI.CON.02) at 53.8%, and algorithmic bias (AI.CON.01) at 28.6%.



In general terms, learning issues have an important presence in current MOOCs about artificial intelligence, highlighting the ability of systems to automatically learn and improve from experience without being explicitly programmed (machine learning). This also highlights the human process of acquiring knowledge, including skills and values (human learning). Education, teaching, and learning has a low explicit presence in MOOCs about artificial intelligence; however, considering implicit approaches too, this content has a relatively important presence. In other words, MOOCs that include content on the emerging and current uses of artificial intelligence in education and training are notable, considering its role as an assistive technology for children and adults. On the other hand, AI approaches were considered (Table 5): systems that think like humans, systems that act like humans, systems that think rationally, and systems that act rationally.



In this case, the predominant approach of courses in the sample has been taken as a reference. Although one type does not always predominate, when the predominance is clear (implicitly or explicitly), AI from the perspective of systems that think like humans is present in 56.1% of the 734 courses. This is followed by courses where AI is studied from the approach of systems that think rationally (16.9%) and systems that act like people (9.4%). This last approach is normally linked to robotics. The least predominant approach is that of systems that act rationally, at 7.3%. These data imply that, in relation to AI, there are more courses focused on systems thinking than on acting. On the other hand, courses focused on thinking as humans predominate over courses focused on rational thinking. This is consistent with the interest that researchers currently have in the study, development, and use of AI in relation to the representation and interpretation of human emotions, including the risks of interpreting human emotions with AI and the challenge of building fair and equitable machine learning systems [22,31].




3.4. Factor Analysis of the Artificial Intelligence Content in MOOCs


The factor analysis regarding the content of artificial intelligence in MOOCs is related to objective 3 and responds to research question 3. The first step to consider in factor analysis was to ensure that the sample number (734) was at least five times greater than the number of items. Next, as is shown in Table 6, the Kaiser–Meyer–Olkin (KMO) sampling adequacy index gives an acceptable result (0.693), as it is situated between 0.500 and 0.750. Moreover, Bartlett’s test of sphericity indicates a high statistical significance (p < 0.005) and that the factors are correlated. Thus, the factor model used is adequate to explain the data.



To explain this value of KMO, it should be clarified that, according to the communalities and prior to continuing with the factor analysis, the items with a communality value lower than 0.500 were not considered (AI.CON.02. Programming, AI.CON.03. Analysis, AI.TYP.04. Systems that act rationally), except for the item “AI.CON.07. Ethical questions in data use”. This decision was due to the fact that AI.CON.07 is an item considered to be especially relevant by the researcher and part of the research on AI [44]. This was because it was slightly below the minimum desirable value and when removing AI.CON.02 and AI.CON.03, beyond the improvement of the KMO values (from 0.679 to 0.693), the first four components would explain a 64.139% variance (previously it was below 60%). This variance would lead to considering the factor reduction, since the explanation of 64.139% would generally be considered acceptable [45].



Pearson correlations allow researchers to interpret the degree of the relationship between pairs of variables according to the magnitude (absolute value) and direction (sign); these scores can be low (0.30>), medium (0.50>), high (0.70>), or perfect (1) [2]. Figure 3 groups the significant correlations. In addition, the significance of the correlations was considered, with significant values at 0.01 denoted by ** (probability of correlation due to chance equal to or less than 1%).



Despite the absence of high correlations, there are medium–low correlations that have been selected for their statistical significance (correlation is significant at the 0.05 level [bilateral]) and for their special interest in research, such as correlations with “AI.CON.07. Ethical questions in data use” and with “AI.CON.08. Inclusivity”. The importance of the ethics of AI for researchers and policies is considered [14,44], highlighting that the ethics of AI lies in the ethical quality of prediction, the end outcomes, and the impact on humans. The selected correlations have been organized in the correlational structure shown in Figure 3. This correlation structure implies a visual image of the main correlations of the study in relation to the AI block and is complementary to the establishment of the emerging profiles of MOOCs on AI supported by principal component analysis.



In relation to the AI content and perspectives present in MOOCs, “AI.CON.09. Education, teaching, and learning” presents a significant medium–low correlation with “AI.CON.06. Human learning” (0.420**) and “AI.CON.05. Deep Learning” (0.458**); the last two indicators correlate with the 0.355** value. Education includes teaching and learning, and both humans and machines can learn. The relationship between these indicators relates to the importance of finding patterns in observations about a thing, process, or phenomenon. This is because, in general terms, whether it is human learning or machine learning, the expression of this pattern is the model that has been learned to define the relationship between the variables involved [46]. Deep learning correlates with “AI.CON.04. Machine learning”, establishing a chain of significant correlations between human learning, systems that think like humans, deep learning, and machine learning. However, despite the deep learning algorithm trying to ease the understanding about how human cognition and learning work, machine learning does not seem to explain how humans decide and learn in real life. The human-like or even superhuman performance of machine learning programs do not explain how humans reason and learn due to the omission of psychological characteristics such as limitations on information processing capabilities, attention, and short-term memory [47]. “AI.CON.08. Inclusivity” correlates with “AI.CON.06. Human learning” (0.262**) and “AI.CON.09. Education, teaching, and learning” (0.233**). Human learning is a complex process that, according to the content and perspectives of AI in analyzed MOOCs, establishes a low but significant relationship with inclusivity. Moreover, inclusivity establishes a relationship with education, teaching, and learning in similar terms. According to these results, a Massachusetts Institute of Technology—MIT—research project explored the ways in which AI systems can be designed and deployed to support diversity and inclusiveness in society with emphasis on the impact of AI on underserved groups and on how these communities think about AI systems. Moreover, the uneven access to AI and related technologies in often-marginalized populations (urban and rural poor communities, women, youth, LGBTQ, ethnic and racial groups, people with disabilities) contribute to amplifying digital inequalities [48,49]. In other words, the digital divide in the access and use of AI is a very relevant aspect that affects inclusivity. “AI.TYP.01. Systems that think like humans” correlates with “AI.TYP.03. Systems that think rationally” (0.391**). “AI.TYP.03. Systems that think rationally” (0.316**) and “AI.TYP.02. Systems that act like humans” (0.307**) correlate with “AI.CON.07. Ethical questions in data use”. Human thinking goes beyond rational thinking and, when making decisions, both the emotions and the ethics of the person play a relevant role. This result converges with the research of Kuo, Tsai, and Wang [50] that establishes a model where the reconfiguration of instructional elements of challenging content that encourages users to engage with the courses cognitively and emotionally is recommended. However, most studies on learning engagement in MOOCs have employed behavioral engagement and have ignored the importance of emotional and cognitive engagement [51,52]. In general terms, and focusing on AI content in MOOCs, this study establishes ethics as a relevant aspect. The European Commission has a High-Level Expert Group on Artificial Intelligence, which on 8 April 2019, published “Ethics Guidelines for Trustworthy Artificial Intelligence”. These guidelines put forward a set of seven key requirements that AI systems should meet in order to be considered trustworthy [49]: human agency and oversight, technical robustness and safety, privacy and data governance, transparency, diversity, non-discrimination and fairness, and societal and environmental well-being and accountability. The ethical factors regarding the development and use of AI have generated profound political debates that, in Europe, will be reflected in the artificial intelligence law [53]. On the other hand, important educational debates are being generated, establishing the progression of the responsible use of this technology that faces a reactionary current rejecting the use of technology in classrooms and contributes to the digital illiteracy of students [54].



In a principal component analysis, each variable (or group of variables) is dependent on several components. In turn, these are composed of all the other variables, so that the choice of factors is based on the criterion of the percentage of variance [55]. As we can see in Table 7, the reduction in the factors from 1 to 4 explains 64.140% of the variance. In short, by applying the principal component analysis, all variables would be grouped into six factors (Table 7).



To interpret the components, the factor matrix was transformed into a rotated factor matrix using a Varimax normalization factor rotation process with Kaiser (Table 8). This facilitates interpretation by achieving high correlations with one group of variables and low correlations with the others.



Principal component analysis has allowed us to extract information to identify subgroups of MOOC content regarding AI from a general approach, preserving most of the information in the dataset and focusing attention on how much information each of the components can include. Generative AI has been identified by many higher education experts as one of the most disruptive technologies from the last years because it has the potential to create text, images, or sounds like a human and forces educators to reimagine assessment and educational experiences [8]. According to the main results and based on the principal component analysis extraction method, 10 items about AI content in MOOCs could be reduced to the following four components. Component 1 explains 26.081% of the variance; we designated this machine learning and education, and it includes machine learning, deep learning, education, teaching and learning, and systems that think like humans. Component 2 explains 17.073% of the variance. Regarding this, despite concerns about the inappropriate use of AI in education, some experts consider that AI tools can improve student learning with the restructuring of didactic designs and experiences [56]. We designated this ethics of AI, and it includes ethical questions in data use, systems that act like humans, and systems that think rationally. MOOCs about AI include some of the basic aspects on ethics in the use and management of AI presented by UNESCO [25,26]. Component 3 explains 10.655% of the variance; we designated it human learning and inclusivity, and it includes human learning and inclusivity indicators. Finally, component 4 explains 10.330% of the variance; we designated it algorithmic bias and it includes only that indicator. In the fourth case, the factor reduction is not significant.





4. Conclusions


Nowadays, there are numerous technologies that can be used in social and educational environments. AI is an increasingly integrated technology in day-to-day life, while MOOCs offer autonomous training opportunities to users. Regarding the technical dimension, the MOOC platforms in this study (Coursera, Edx and MiriadaX) have similar technical features in terms of access to content, ease of navigation, design, toolbars, consistency, visible hypertexts, browsing support and links, help with content searches, and the development of the course. Regarding the pedagogical dimension, xMOOCs represent the most extensive international trend and unidirectional resources predominate. In other words, in line with analogous studies regarding more extended MOOC approaches [2,17,18], the main approach of the MOOCs reviewed from the three platforms is the xMOOC, a kind of MOOC where interaction is lacking, and student autonomy or recognition by prestigious institutions such as universities are some of the main features. Due to the main topic of this study, digital competence has a very significant importance in most MOOCs. Furthermore, due to the extent of xMOOCs and according to their features, a passive teacher approach, content dispensing, and individual participation in learning activities predominate. Moreover, proposed learning in MOOCs is predominantly cumulative and compressive (not critical), where readings, videos, and quizzes are common resources and the usual evaluation process is based upon self-assessment, taking place at the end of each module. MOOCs are expected to be the instrument that defines training through the Internet in the coming years [57]. However, there are disadvantages that must be examined from a critical and situated perspective. This study found that xMOOCs are the most widespread; although, in a connectivism approach, knowledge shifts from focusing on a teacher to focusing on students’ interactions for learning in cMOOCs [58,59].



In general terms, due to the extra effort needed for teachers to directly monitor massive courses, there are difficulties in promoting cMOOCs. In relation to the content dimension, MOOCs that include content on the emerging and current uses of artificial intelligence in education and training are remarkable. Authors such as Arntz, Gregory, and Zierahn [60] state that this digitization and automation of work is one of the most important societal and economic trends worldwide. Nowadays, adaptive systems are at least composed of methods that allow users to organize content to be learned, with techniques for matching the presentation of content that are properly adapted to individual students in a personalized manner with multiple assessment inputs to evaluate students’ skills. This digitization trend is reflected in the content of MOOCs about AI in such a way that factor analysis found three very marked trends in MOOCs on AI: machine learning and education, ethics of AI, and human learning and inclusivity. This research into MOOC trends on AI concludes that there is concern about the definition and development of AI ethics, including issues related to the seven key requirements from the “Ethics Guidelines for Trustworthy Artificial Intelligence” [61] and considering its role as an assistive technology for children and adults. There is an emerging trend in the study of AI related to the complexity of human learning and the inclusion of people, including the irregular access to AI and related technologies in often marginalized populations (urban and rural poor communities, women, youth, LGBTQ, ethnic and racial groups, people with disabilities) that amplify digital inequalities [48,49]. Finally, there is a growing interest in the development of AI that learns as humans do, where machine learning and deep learning can interpret people’s learning and actively contribute to their education.
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Figure 1. Macro-reference areas of MOOCs. 
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Figure 2. Learning type. 
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Figure 3. Correlational structure of AI. (significant values at 0.01 denoted by **). 
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Table 1. Category: Pedagogical Dimension of MOOCs.
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	Subcategory
	Indicator





	Initial Basic Information
	DID.BAS.01. Language

DID.BAS.02. Temporalization

DID.BAS.03. List of modules

DID.BAS.04. Number of modules

DID.BAS.05. Difficulty level

DID.BAS.06. Previous knowledge required

DID.BAS.07. Teaching team

DID.BAS.08. Guide with general information

DID.BAS.09. Contact



	Objectives And Powers
	DID.OYC.01. Objectives

DID.OYC.02. Competencies

DID.OYC.03. Communication competence

DID.OYC.04. Mathematical competence and basic competences in sciences and technology

DID.OYC.05. Digital competence 1

DID.OYC.06. Learning to learn competence

DID.OYC.07. Social and civic competence

DID.OYC.08. Sense of initiative and entrepreneurial competence

DID.OYC.09. Cultural awareness and expression competence



	Content
	DID.CON.01. Integration of knowledge, skills and attitudes



	Methodology
	DID.MET.01. Description of teaching activity

DID.MET.02. Details of student workload

DID.MET.03. Participation in the activities

DID.MET.04. Type of learning

DID.MET.05. Level of complexity



	Means
	DID.REC.01. Readings

DID.REC.02. Videos

DID.REC.03. Quizzes

DID.REC.04. Social networks

DID.REC.05. Webs

DID.REC.06. Other applications and resources



	Schedule
	DID.CRO.01. Temporary detail for content development

DID.CRO.02. Key dates and deadlines



	Evaluation
	DID.EVA.01. Evaluation criteria

DID.EVA.02. When to evaluate

DID.EVA.03. How to evaluate

DID.EVA.04. Self-assessment

DID.EVA.05. Case Analysis

DID.EVA.06. Participation in forum

DID.EVA.07. Work preparation (essay, report, etc.)



	Bibliography
	DID.BIB.01 Bibliography







1 “Digital competence involves the confident, critical, and responsible use of, and engagement with, digital technologies for learning, at work, and for participation in society. It includes information and data literacy, communication and collaboration, media literacy, digital content creation (including programming), safety (including digital well-being and competences related to cybersecurity), intellectual-property-related questions, problem solving, and critical thinking” [34] (p. 9).













 





Table 2. Category: Technical Dimension of MOOCs.
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	Subcategory
	Indicator





	Accessibility
	TEC.ACC.01. Plugins

TEC.ACC.02. Content access



	Navigation
	TEC.NAV.01. Design

TEC.NAV.02. Ease of browsing

TEC.NAV.03. Browsing support elements

TEC.NAV.04. Toolbar with links

TEC.NAV.05. Visible links and hypertexts

TEC.NAV.06. Help system for course development

TEC.NAV.07. Content search engine



	Interactivity
	TEC.INT.01. Facilities or tools for teacher–student interaction

TEC.INT.02. Facilities or tools for student–student interaction (cooperative work)

TEC.INT.03. Allows interaction by private message

TEC.INT.04. Allows interaction by chat

TEC.INT.05. Allows interaction by video conference

TEC.INT.06. Allows interaction through specific communication programs (Adobe Connect, Blackboard, etc.)










 





Table 3. Specific Block: Artificial Intelligence.
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	Subcategory
	Indicator





	Course Content
	AI.CON.01. Algorithmic bias

AI.CON.02. Programming

AI.CON.03. Analysis

AI.CON.04. Machine learning

AI.CON.05. Deep Learning

AI.CON.06. Human learning

AI.CON.07. Ethical questions in data use

AI.CON.08. Inclusivity

AI.CON.09. Education, teaching and learning



	Types
	AI.TYP.01. Systems that think like humans

AI.TYP.02. Systems that act like humans

AI.TYP.03. Systems that think rationally

AI.TYP.04. Systems that act rationally










 





Table 4. Table of Frequencies and Percentages of Content Related to AI.
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Content Not Present

	
Implicit Content

	
Explicit Content




	

	
f.

	
%

	
f.

	
%

	
f.

	
%






	
AI.CON.01. Algorithmic bias.

	
524

	
71.4%

	
69

	
9.4%

	
141

	
19.2%




	
AI.CON.02. Programming.

	
339

	
46.2%

	
129

	
17.6%

	
266

	
36.2%




	
AI.CON.03. Analysis.

	
274

	
37.3%

	
62

	
8.4%

	
398

	
54.2%




	
AI.CON.04. Machine learning.

	
119

	
16.2%

	
106

	
14.4%

	
509

	
69.3%




	
AI.CON.05. Deep Learning.

	
284

	
38.7%

	
253

	
34.5%

	
197

	
26.8%




	
AI.CON.06. Human learning.

	
256

	
34.9%

	
248

	
47.4%

	
130

	
17.7%




	
AI.CON.07. Ethical questions in data use.

	
702

	
96.6%

	
13

	
1.8%

	
19

	
2.6%




	
AI.CON.08. Inclusivity.

	
696

	
94.8%

	
9

	
1.2%

	
29

	
4.0%




	
AI.CON.09. Education, teaching, and learning.

	
321

	
43.7%

	
286

	
39.0%

	
127

	
17.3%








(Own elaboration).













 





Table 5. Table of Frequencies and Percentages of types of AI.
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Content Not Present

	
Implicit Content

	
Explicit Content




	

	
f.

	
%

	
f.

	
%

	
f.

	
%






	
AI.TYP.01. Systems that think like humans.

	
322

	
43.8%

	
280

	
38.1%

	
132

	
18.0%




	
AI.TYP.02. Systems that act like humans.

	
665

	
90.6%

	
60

	
8.2%

	
9

	
1.2%




	
AI.TYP.03. Systems that think rationally.

	
610

	
83.1%

	
63

	
8.6%

	
61

	
8.3%




	
AI.TYP.04. systems that act rationally.

	
681

	
92.8%

	
43

	
5.9%

	
10

	
1.4%











 





Table 6. Kaiser–Meyer–Olkin (KMO) Sample Adequacy and Bartlett Sphericity Test.






Table 6. Kaiser–Meyer–Olkin (KMO) Sample Adequacy and Bartlett Sphericity Test.





	
Kaiser–Meyer–Olkin Sampling Adequacy Measure.

	
0.693




	
Bartlett’s Sphericity Test

	
Approximate chi-square

	
1228.549




	
Gl

	
45




	
Sig.

	
0.000











 





Table 7. Total Variance Explained.






Table 7. Total Variance Explained.





	
Component

	
Initial Eigenvalues

	
Extraction Sums of Squared Loadings




	
Total

	
Variance %

	
Accumulated %

	
Total

	
Variance %

	
Accumulated %






	
1

	
2.608

	
26.081

	
26.081

	
2.608

	
26.081

	
26.081




	
2

	
1.707

	
17.073

	
43.154

	
1.707

	
17.073

	
43.154




	
3

	
1.066

	
10.655

	
53.810

	
1.066

	
10.655

	
53.810




	
4

	
1.033

	
10.330

	
64.140

	
1.033

	
10.330

	
64.140




	
5

	
0.782

	
7.820

	
71.960

	

	

	




	
6

	
0.753

	
7.531

	
79.491

	

	

	




	
7

	
0.647

	
6.473

	
85.964

	

	

	




	
8

	
0.563

	
5.635

	
91.599

	

	

	




	
9

	
0.441

	
4.409

	
96.007

	

	

	




	
10

	
0.399

	
3.993

	
100.000

	

	

	







