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ABSTRACT 

Integrating Generative Artificial Intelligence (GenAI) into educational materials development pre-

sents opportunities and challenges in education, particularly in Massive Open Online Courses 

(MOOCs). This study explores the role of GenAI in developing content for MOOCs using a Design 

Thinking MOOC as a case study. It assesses GenAI-generated instructional materials for content 

accuracy, depth, and engagement potential while analyzing the level of human intervention re-

quired for pedagogical quality. Using Perplexity Pro as the GenAI tool, the study finds that GenAI 

efficiently generates structured drafts, fictional learning scenarios, and key takeaways. However, 

significant limitations emerge in GenAI’s ability to differentiate complex domain-specific con-

cepts, develop high-quality assessment items, and ensure pedagogical alignment. Human interven-

tion remains fundamental for enhancing conceptual depth, refining instructional clarity, and fos-

tering learner engagement. Based on these insights, the study proposes a Framework for GenAI-

Assisted Content Creation in MOOC Design, outlining a structured approach to integrating GenAI 

while maintaining educational rigor. The framework highlights four interdependent phases: Con-

tent Planning & GenAI Preparation; GenAI-Generated Content Creation; Expert Review & Re-

finement; and Testing & Iterative Improvement. The study further presents Guidelines and Best 

Practices for MOOC Designers, providing practical recommendations for leveraging GenAI effec-

tively without compromising instructional quality. This research contributes to the growing liter-

ature on AI-driven education, providing practical guidelines for MOOC designers seeking to opti-

mize GenAI-driven content development. 
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1. INTRODUCTION 

The integration of GenAI in education has been considerably investigated in recent years as GenAI 

tools are increasingly being employed to streamline content production, reduce the workload for 

educators and instructional designers, and enhance scalability. For instance, previous research ex-

plored DALLE-2 and Tome.ai for their potential to accelerate MOOC development, demonstrating 

how automation can reduce content production time (Amado-Salvatierra et al., 2023). However, 

the researchers state that while AI-based tools can efficiently generate initial content drafts, human 

expertise remains critical in refining and contextualizing this content to meet academic objectives. 

Similarly, Faccia et al. (2023) investigated the role of GenAI in higher education content creation, 

emphasizing the importance of human oversight in maintaining accuracy and pedagogical depth. 

They discuss that although AI-powered models such as OpenAI’s GPT and Hugging Face’s Trans-

formers can support content generation, AI-generated materials require careful curation and re-

finement to ensure contextual relevance, critical engagement, and alignment with pedagogical best 

practices. 

 

Integrating GenAI into curriculum design has also led to the emergence of specialized frameworks 

for GenAI-assisted education such as GAIDE, which emphasize the collaborative role of GenAI 

and human creativity in content development (Dickey & Bejarano, 2024). These frameworks en-

able educators to leverage GenAI for dynamic content generation while ensuring that instructional 

materials remain pedagogically sound and academically rigorous. Moreover, Zhou et al. (2021) 

conducted a comprehensive analysis of AI’s application in MOOCs, highlighting its effectiveness 

in automating assessments and teaching core algorithms. Nevertheless, they identified that peda-

gogical strategies such as scenario-based and project-based learning remain underutilized in AI-

enhanced MOOCs, suggesting that AI tools still have significant potential to evolve in supporting 

interactive and experiential learning.  

 

Beyond efficiency gains, GenAI has been recognized for its role in enhancing inclusivity and per-

sonalization in online education. Stefaniak & Moore (2024) argue that GenAI can potentially adapt 

learning materials to individual student needs which foster greater accessibility. However, ethical 

concerns such as algorithmic bias and the reinforcement of existing educational inequalities should 

be critically assessed. These concerns highlight the need for iterative instructional design practices 

that incorporate ongoing evaluation and refinement of GenAI-generated content. 



 

 

 

The benefits of GenAI-assisted content creation in education are widely documented, with research 

pointing to improvements in personalized learning experiences, assessment methods, and instruc-

tional design efficiency. For instance, Liu (2024) examined the transformative potential of AI in 

enabling customized content development and improving student outcomes. Nonetheless, chal-

lenges such as academic integrity concerns, evolving educator roles, and data privacy issues must 

be addressed to ensure AI’s responsible and ethical use in education.  

 

This body of research highlights GenAI’s potential as a facilitative tool rather than a replacement 

for educators. Ravarini et al. (2024) proposed a methodological framework positioning educators 

as both content creators and instructional designers while leveraging GenAI to expedite course 

development, improve content quality, and personalize education. Their findings align with grow-

ing perspectives that advocate for AI-human collaboration rather than full automation.  

 

Despite GenAI’s capabilities in generating instructional materials, the literature consistently em-

phasizes the indispensable role of human expertise in ensuring pedagogical integrity, ethical re-

sponsibility, and instructional effectiveness. While GenAI presents opportunities to improve the 

scalability and accessibility of MOOCs, its integration into education might be carefully ap-

proached with a balanced perspective that acknowledges its limitations and the need for human 

intervention.  

 

These studies emphasize a critical need for more granular, task-level investigations of how GenAI 

performs across different instructional content types and how much human intervention is required 

to ensure pedagogical quality in MOOC design. Given GenAI’s growing sophistication and its 

demonstrated fluency in generating text-based outputs, it was initially anticipated that many in-

structional tasks; especially structured and procedural ones; might require only minimal expert 

refinement. However, the actual degree of oversight needed across varied content formats remains 

empirically unclear. This study addresses this gap by asking the following research question: To 

what extent can Generative AI, specifically Perplexity Pro, support instructional content develop-

ment for MOOCs, and what levels of expert intervention are required to ensure pedagogical qual-

ity across diverse content types? 

 

2. RESEARCH METHODOLOGY 



 

 

This study adopts a systematic single-case study design (Yin, 2017) to examine the use of GenAI 

in MOOC instructional design. The case study approach is particularly suited for investigating 

complex, contemporary phenomena within real-world educational settings where the boundaries 

between the intervention (GenAI use) and the contextual environment (course design) are blurred. 

The case is employed as a means to explore broader issues of human-AI collaboration in educa-

tional content development, thereby, functioning as an instrumental case (Stake, 1995). The study 

procedures include the identification of clear units of analysis (e.g., quizzes, scripts, exercises); 

systematic collection of AI prompt–output pairs; application of a structured intervention rubric 

(see Section 2.3) to assess revision depth and effort; and comparative analysis of GenAI perfor-

mance across multiple content types. 

 

Moreover, the study follows an exploratory, theory-building orientation, where detailed analysis 

of a single bounded case can inform broader conceptual insights (Eisenhardt, 1989). The theoreti-

cal framework is grounded in Activity Theory (Engeström, 2014), which enables the examination 

of the mediated interactions between human agents (instructional designers), technological tools 

(GenAI systems), and objects (instructional content). This lens supports an understanding of how 

GenAI tools may reshape task structures, workflows, and cognitive effort in instructional design. 

 

2.1 Case Selection and Context 

A MOOC on Design Thinking was chosen to conduct the study. Design Thinking is a “process, a 

mindset, and a human-centered approach to creativity, collaboration, and innovation” (Traifeh, 

2023, p.4). Its purpose is to define users’ needs and explore the possibilities of technology and the 

requirements for business success in solving complex or wicked problems, or creating innovative 

products (Koh et al., 2015; Razzouk & Shute, 2012). Design Thinking has been widely imple-

mented in different industries such as business, research, education, social innovation, and other 

domains (e.g., Plattner et al., 2011; Kelley, T., & Kelley, 2013; Chou, 2018; Traifeh et al., 2019). 

Over time, several Design Thinking frameworks have been developed by individuals, universities, 

and organizations worldwide. While each framework employs its own terminology, they all em-

phasize a deep exploration of user needs to identify the core problem, ideate, prototype, and test 

potential solutions. The content of the MOOC at hand was developed following the d.school’s 

framework (the Hasso Plattner Institute of Design at Stanford), which includes five phases: “Em-

pathize, Define, Ideate, Prototype, Test” (Stanford University, n.d.). 



 

 

 

The MOOC was structured into three primary modules, each including several learning units:  

(1) Design Thinking Fundamentals: This module introduced foundational principles, histori-

cal context, and the Design Thinking process. The content units comprised video scripts, 

articles, case studies, self-assessment tools, and quizzes. 

(2) The Problem Space: This module introduced the first two phases of the Design Thinking 

process- Empathize and Define. Instructional materials included practical exercises, video 

scripts, templates, real-world case studies, and quizzes. 

(3) The Solution Space: This module explored the Ideate, Prototype, and Test phases. It fea-

tured video scripts, examples, case studies, and quizzes. 

 

The course was designed to provide learners with the theoretical foundations and practical appli-

cations of Design Thinking principles, ensuring a comprehensive understanding of the methodol-

ogy and its real-world implementation. Before utilizing GenAI for content generation, the lead 

instructional designer -who is also a Design Thinking expert- established a foundation to guide the 

instructional design process by developing the course outline and defining clear learning objec-

tives. These foundational elements were critical reference points while developing course materi-

als to ensure that GenAI-generated content aligned with pedagogical goals and maintained coher-

ence across modules. Integrating GenAI within this structured approach supported the expert in 

leveraging GenAI’s capabilities while exercising targeted oversight and refining the content as 

needed to enhance instructional quality and learner engagement.  

 

Several methodological factors informed the selection of Design Thinking as the subject domain. 

First, its interdisciplinary nature and demand for both conceptual understanding and applied prob-

lem-solving make it a suitable subject for evaluating GenAI performance across varied content 

types. Second, the domain’s fundamental emphasis on empathy and human-centered approaches 

offers a meaningful contrast to GenAI-generated content, revealing where human intervention is 

pedagogically necessary. Third, the structured five-phase model of Design Thinking provides well-

defined boundaries for organizing, generating, and evaluating instructional content. 

 

2.2 GenAI Tool Selection and Implementation 



 

 

For GenAI-assisted content creation, this study employed Perplexity Pro which was selected over 

other large language models (LLMs), such as ChatGPT, Claude, or Gemini, due to its specific 

features that align with the demands of academic content creation and research (Shukla et al., 

2024). First, Perplexity Pro offers automatic source attribution for generated content, enhancing 

transparency and enabling verification which is an essential requirement for academic content cre-

ation and fact-checking processes. Second, unlike some LLMs with fixed training cutoffs, Per-

plexity Pro integrates real-time web retrieval, allowing for the synthesis of up-to-date information, 

which is particularly valuable for constructing relevant case studies and incorporating recent ex-

amples. Third, the platform is designed to optimize academic usage by offering concise, citation-

rich responses, and fact-grounded responses that support content validation. This visibility into 

source material improves the reliability and accountability of GenAI-generated educational mate-

rials. 

 

Perplexity Pro was mainly employed to: (1) generate initial drafts for video scripts and articles; 

(2) summarize unit content into key takeaways; (3) suggest real-world case studies and fictional 

(hypothetical) scenarios aligned with Design Thinking principles; and (4) develop quizzes and 

exercises to facilitate active learning.  

 

GenAI outputs were guided by structured prompts aligned with the course's learning objectives. 

For example, at the beginning of the interaction, the persona prompt pattern strategy (White et al., 

2023) was applied by asking GenAI to act as a Design Thinking expert. Another example is when 

identifying relevant case studies, instead of providing a generic prompt such as "Give a real-world 

example of Design Thinking", a prompt was "Provide a detailed real-world example where a com-

pany successfully applied Design Thinking to solve a customer problem. Include the phases used, 

challenges faced, and measurable outcomes". The prompts were designed to provoke detailed ex-

planations of Design Thinking principles, phases, and tools; generate assessment questions that 

target higher-order cognitive skills; and produce case studies illustrating the practical applications 

of Design Thinking. 

 

2.3 Human-AI Collaboration and Intervention Classification 



 

 

The integration of GenAI into the MOOC design followed an iterative workflow in which GenAI-

generated content served as an initial draft, subsequently reviewed and refined by the content ex-

pert. The level of human intervention varied depending on the complexity of the task and the depth 

required in the content. To evaluate the effectiveness of GenAI across different content types (e.g., 

video scripts, case studies, quizzes), an intervention classification system was developed which is 

grounded in three key instructional design dimensions (Dick et al., 2001; Morrison et al., 2019), 

namely: content accuracy, depth of information, and engagement potential.  

 

Content Accuracy: The accuracy of GenAI-generated content was assessed by cross-referencing 

facts, ensuring the correctness of terminologies, and verifying the validity of real-world case stud-

ies. For instance, when GenAI suggested the IDEO-Shimano case study for the ‘Empathize’ phase, 

the details provided were superficial and required verification through additional research. Simi-

larly, GenAI-generated examples such as the IBM case study were fact-checked for alignment with 

real-world applications of Design Thinking. Another example is when a video script was generated 

for the ‘Design Thinking Mindset & Principles”, GenAI provided an incomplete list of principles, 

which required expert intervention to add missing principles.  

 

Depth of Information: GenAI's ability to provide comprehensive and subtle explanations was an-

other critical metric. Content that required surface-level explanations (e.g., summarizing key take-

aways, creating empathy exercises) typically needed minimal intervention. Conversely, tasks de-

manding in-depth analysis (e.g., developing quizzes with critical-thinking questions or drafting 

video scripts) required significant refinement. For example, in the ‘Brainstorming Methods’ video 

script, GenAI struggled to differentiate ‘Ideation’ techniques and methods from other phases, lead-

ing to disorganized content that needed extensive human input. 

 

Engagement Potential: The extent to which GenAI-generated content could engage learners was 

assessed through the clarity of examples, the practical relevance of exercises, and the alignment 

with learner-centered design principles.  

 

Each piece of content was then classified into one of three categories based on the degree of human 

intervention required to meet instructional design standards (Table 1). The intervention levels are 



 

 

defined as follows: minimal (0–25% modification), moderate (26–75% modification), and exten-

sive (76–100% modification). 

 

 

2.4 Data Analysis Process 

The data analysis process followed a systematic approach aligned with a qualitative case study 

model (Miles et al., 2014), including coding, pattern detection, triangulation, and member check-

ing. All GenAI-generated instructional components for the course’s 30 content units—such as 

video scripts, case studies, quizzes, and learner exercises—were coded based on the Intervention 

Level Rubric. The classification of each content unit into Minimal, Moderate, or Extensive inter-

vention categories was determined using the predefined operational criteria related to content ac-

curacy, pedagogical depth, and engagement potential (see appendix A for a coded summary of 

content development). 

 

To ensure reliability, two experts participated in the review process at different stages. The lead 

researcher, a senior researcher with a PhD in Design Thinking and extensive instructional design 

experience, conducted the primary coding. A second expert, a tenured professor in digital learning 

and AI pedagogy with recognized expertise in design thinking methodologies, independently re-

viewed the intervention categorizations. Experts were identified through prior collaborations in 

MOOC design projects. Member checking entailed the second expert validating rubric application 

Intervention 

Level 

% of Content 

Modified 

Indicators Examples 

Minimal 0–25%  Accurate content 

 Aligned with learning objectives 

 Minor edits (tone/style) 

Tone adjustment,  

formatting, rephrasing 

Moderate 26–75%  Requires additional concepts or  

examples 

 Factual fixes 

 Enhances existing logic 

Adding missing points,  

extending explanations 

Extensive 76–100%  Contains major factual errors or  

misconceptions 

 Requires full restructuring 

Rewriting scripts,  

rebuilding quiz logic, 

correcting concepts 

Table 1. Intervention Level Rubric 

 



 

 

and coding judgments, followed by iterative discussions to resolve discrepancies. While formal 

inter-rater statistics were not calculated due to the qualitative orientation of the study, agreement 

rates exceeded 90% across content units, providing confidence in the coding reliability. 

 

Following coding and validation, content units were analyzed to identify recurring patterns in 

GenAI performance across instructional formats. This process revealed which content types (e.g., 

summaries vs. assessments) typically required less or more human refinement, and highlighted 

systematic strengths (e.g., summarization capability) and recurring limitations (e.g., underdevel-

oped higher-order thinking questions). Triangulation was further employed by cross-verifying 

GenAI-generated outputs with academic literature, instructional design best practices, and expert 

knowledge to ensure judgments were grounded in credible reference points rather than subjective 

impressions. 

 

3. FINDINGS 

The systematic analysis of 30 distinct content units revealed a clear pattern in the levels of human 

intervention required to meet instructional quality standards. Contrary to the initial assumption 

that GenAI would predominantly require minimal oversight, the findings demonstrated a broader 

spectrum of editorial effort. Forty percent of the content units (n = 12) required only minimal 

human intervention. These were typically structured summaries, key takeaways, and simple 

learner exercises, where GenAI performed well in organizing and articulating foundational con-

cepts with little need for revision.  

 

The remaining units were split evenly between the moderate and extensive intervention categories, 

each comprising 30% (n=9) of the dataset. The moderate intervention group included video scripts, 

introductory explanations, and initial drafts of case studies that provided a helpful starting structure 

but required expert input to deepen conceptual accuracy and ensure pedagogical alignment. The 

extensive intervention group was dominated by assessments and conceptually complex content. In 

these cases, GenAI-generated content often lacked cognitive depth, contained conceptual inaccu-

racies, or failed to reflect domain-specific nuances which required substantial rewriting and reor-

ganization. 



 

 

This distribution aligns with Cognitive Load Theory (Sweller, 1988), which distinguishes between 

extraneous (organizational tasks), intrinsic cognitive load (complex domain knowledge), and ger-

mane cognitive load (meaningful learning processes). GenAI was most effective in minimizing 

extraneous load by generating well-structured drafts and summaries. However, it was less capable 

of addressing intrinsic cognitive load that is associated with complex, domain-specific reasoning, 

and germane cognitive load, which supports meaningful learning through instructional coherence 

and deep engagement. These findings emphasize the indispensable role of expert oversight in 

maintaining instructional quality, particularly in tasks that demand conceptual rigor and learner-

centered design. 

 

3.1 GenAI Contributions and Strengths 

GenAI-assisted content demonstrated significant efficiency in generating structured drafts for in-

structional materials, including several video scripts, learning exercises, and key takeaways.  

Overall, the GenAI tool used in this study -Perplexity Pro- successfully produced logically se-

quenced content, allowing the expert to focus on deepening explanations and contextual refine-

ment rather than drafting from scratch. In the ‘User Interviews’ video script, for instance, GenAI 

effectively provided practical tips and structured guidance, requiring only minor refinements for 

tone and coherence. Similarly, in summarizing unit content, GenAI generated concise and well-

structured ‘Key Takeaways’, improving content clarity and learner accessibility.  

Additionally, GenAI showed strong capabilities in creating fictional learning scenarios to support 

experiential learning. In the ‘Empathy Exercise,’ for example, GenAI drafted a highly relevant and 

engaging scenario that required minimal expert intervention to align with learning objectives. The 

tool also proved beneficial in identifying real-world case studies, such as the IDEO-Shimano ex-

ample for the ‘Empathize’ phase. Although GenAI-generated descriptions of these case studies 

required fact-checking and elaboration, the initial suggestions provided a helpful starting point for 

further refinement.  

 

3.2 Challenges and Limitations of GenAI in MOOC Content Creation 

Despite these strengths, the findings reveal several limitations that required varying degrees of 

human intervention, particularly in tasks requiring critical thinking, conceptual accuracy, and in-

structional depth. One of the most significant challenges was GenAI’s inability to generate high-



 

 

quality quiz questions. GenAI-produced assessment items were often surface-level, lacking the 

complexity to assess higher-order cognitive skills such as analysis, synthesis, and evaluation. As 

a result, most GenAI-generated quizzes required substantial revision or were entirely rewritten by 

the expert. 

Another limitation was GenAI’s difficulty in differentiating closely related concepts within the 

Design Thinking framework. For instance, in the Brainstorming Methods video script, GenAI mis-

classified ideation techniques and confused them with methods from other phases, resulting in 

disorganized content. Similarly, in the Immersion video script, it blurred the distinction between 

observation and immersion, requiring substantial expert correction to ensure conceptual accuracy. 

These findings align with previous research showing that GenAI struggles with domain-specific 

distinctions and requires expert guidance to maintain instructional coherence (Tuomi, 2024; 

Hutchins et al., 2020; Luckin & Holmes, 2016). 

Where such conflations occurred, corrections were made by explicitly defining terms and illustrat-

ing them with concrete examples. Observation was defined as “systematically watching users in-

teract with products or services in their natural environment without direct researcher participation, 

focusing on capturing authentic behaviors and usage patterns.” By contrast, Immersion was de-

fined as “designers placing themselves directly in the user’s situation to experience challenges, 

emotions, and contextual factors firsthand through active participation.” The corrected content in-

cluded specific examples: observation might involve watching customers use a mobile banking 

app in a café, while immersion could mean spending a day using only public transportation to 

understand commuter challenges.  

 

A similar issue arose with the Ideation phase. GenAI frequently reduced Ideation to a simple brain-

storming activity. The revised content clarified that Ideation is a structured phase dedicated to 

generating a wide range of ideas, encompassing—but not limited to—brainstorming. Methods 

such as bodystorming and mind mapping were added to highlight the diversity of approaches that 

support creative exploration. These definitional clarifications ensured learners encountered a valid 

and multifaceted understanding of Design Thinking phases. 

 



 

 

GenAI-generated content also frequently lacked contextual depth, particularly in case studies and 

real-world applications. While GenAI could identify relevant examples, its explanations were of-

ten superficial, requiring expert elaboration to provide deeper insights. This limitation reflects 

broader concerns in AI-driven education, where efficiency in content generation does not guaran-

tee pedagogical effectiveness (Emma & Peace, 2024). 

 

Finally, GenAI’s ability to enhance learner engagement varied across content types. While it pro-

duced well-structured learning materials and effective examples, it struggled with interactive and 

inquiry-based elements. For instance, GenAI successfully generated structured exercises and 

prompts but did not effectively incorporate reflection-based learning strategies, requiring expert 

modifications. These observations suggest that GenAI is currently more effective in supporting 

content structuring rather than fully facilitating interactive and engagement-driven learning expe-

riences. 

 

These findings reinforce the view of GenAI as an assistive tool rather than an autonomous content 

creator. GenAI might effectively simplify content structuring and summarization, but expert over-

sight remains critical to ensure accuracy, depth, and pedagogical alignment. Its limitations in con-

ceptual reasoning, assessment design, and contextualization indicate that its role is best framed as 

a content generation aid, not a stand-alone instructional designer. 

 

3.3 Assessment Quality and Cognitive Processes 

Given the centrality of quizzes to the study’s findings, selected revised items were mapped to the 

Revised Bloom’s Taxonomy (Anderson & Krathwohl, 2001) to demonstrate the intended cognitive 

processes. Table 2 illustrates examples of how expert refinements elevated cognitive demand be-

yond surface-level knowledge checks.  

 

 

AI-Generated Quiz 

Item 
 

Expert- 

Revised Quiz Item 

Revised 

Bloom’s Cog-

nitive Process 

Example Target 

“What is empathy in De-

sign Thinking?” (short 

definition  

“I actively listen to others and try to 

 understand their perspectives.”  

(self-assessment on empathy practice) 

Remember / 

Understand 

Recognition and  

comprehension of a foun-

dational principle 

Table 2. Examples of AI-Generated vs Expert-Revised Quiz Items Mapped to Revised Bloom’s Taxonomy 

 



 

 

 

These examples illustrate the revision trajectory: while GenAI-produced quizzes tended to remain 

at surface-level (e.g., recall of definitions), expert revisions deliberately targeted higher-order pro-

cesses. For instance, in the prototyping quiz, GenAI initially generated factual recall items, but 

experts reframed them to require analysis (comparing prototype fidelity) or evaluation (critiquing 

GenAI’s draft). This ensured that assessment items addressed deeper learning goals and actively 

fostered the critical thinking and problem-solving skills that are at the heart of Design Thinking. 

 

4. FRAMEWORK FOR GenAI-ASSISSTED CONTENT CREATION IN MOOC 

DESIGN  

Based on the insights gained from this study and building upon established instructional design 

models, we propose a framework for GenAI-assisted content creation in MOOC Design (see Fig-

ure 1). Unlike existing frameworks such as GAIDE (Dickey & Bejarano, 2024) and IntelliFrame 

(Hadyaoui & Cheniti-Belcadhi , 2024) which offer generalized or assessment-focused models, this 

framework specifically addresses the task-level effort metrics of human-AI collaboration based on 

empirical evidence rather than theoretical assumptions. 

 

The framework’s structure reflects the principles of a widely adopted instructional systems model 

(Dick  et al., 2015), which emphasizes the interdependence of instructional components from 

learning objectives and content materials to assessment and evaluation. Similar to Dick et al. 

recall) 

“Brainstorming is part 

of which Design Think-

ing phase?”  

(single-choice) 

“Which of the following is a key rule for suc-

cessful ideation sessions?”  

(Solution Space quiz; correct answer:  

encourage wild ideas and defer judgment) 

Apply Applying rules of  

ideation to evaluate  

correct practice 

“What is 

 prototyping?”  

(basic recall) 

“What is the benefit of using low-fidelity proto-

types in the design process?” 

(Solution Space quiz; correct answer: they allow 

for rapid iteration and exploration of ideas and 

save resources) 

Analyze Differentiating between 

prototype types and their 

pedagogical purpose 

“What is the purpose of 

the ‘Define’ phase in De-

sign Thinking?” 

(surface level) 

“Evaluate a poorly framed problem statement: 

‘The app needs a better interface.’ How could it 

be reframed to reflect the principles of the De-

fine phase?”(expert-added revision) 

Evaluate Critical judgment and justi-

fication beyond  

surface-level response 



 

 

(2015), this framework incorporates iterative design, expert validation, and systematic feedback 

loops to ensure instructional coherence, especially in the context of GenAI-enhanced content de-

velopment. At the same time, the framework’s pedagogical scaffolding reflects principles from the 

Salmon’s five-stage model of online learning (2013). The iterative interplay between AI-generated 

drafts and expert review mirrors the model’s progression from early information exchange to 

deeper levels of knowledge construction and learner development. This structure supports both 

instructional scalability and pedagogical depth. The dual-theoretical grounding positions the 

framework as a concrete model for designing pedagogically aligned, AI-assisted instructional con-

tent in online environments. The framework consists of four interdependent phases: 1) content 

planning & GenAI preparation; 2) GenAI-generated content creation; 3) expert review & refine-

ment; and 4) testing & iterative improvement.  

 

In Phase 1, Content Planning & GenAI Preparation, instructors articulate clear learning objectives, 

design structured course outlines, select appropriate GenAI tools, and develop context-aware 

prompts before engaging in content generation (Emma & Peace, 2024). This proactive planning 

ensures that GenAI-generated materials are aligned with instructional goals and minimizes risks 

of incoherent or pedagogically misaligned output. This phase also reflects a broader trend in AI-

assisted education, which emphasizes adaptive design environments guided by strong human over-

sight (Hadyaoui & Cheniti-Belcadhi, 2024; Amado-Salvatierra et al., 2023). 

The second phase, AI-Generated Content Creation, operationalizes the GenAI's role in the instruc-

tional design process. GenAI tools can assist in drafting video scripts, developing quizzes and 

exercises to facilitate learner engagement, summarizing key takeaways, and suggesting real-world 

case studies and fictional learning scenarios. However, despite GenAI's efficiency, this study's 

findings show that GenAI-generated instructional materials often require refinement to enhance 

their depth, contextual accuracy, and engagement. This limitation emphasizes the need for the third 

phase, 'Expert Review and Refinement,' where human educators apply pedagogical expertise to 

improve accuracy, enrich conceptual depth, eliminate redundancy, assess for bias, and ensure in-

structional alignment. Moreover, researchers have emphasized that AI-assisted content creation 

must be supplemented with scenario-based learning, learner-centered adaptations, and contextual 

nuance (Li et al., 2024); a principle embedded throughout this phase of the framework. 

 



 

 

 

 

The final phase, Testing & Iterative Improvement, emphasizes real-world validation of GenAI-

assisted content. This includes pilot testing, learner feedback analysis, and ongoing content revi-

sions based on usage analytics. This phase aligns with contemporary research advocating for co-

creation models in AI-assisted education (Ghariz et al., 2024), reinforcing the need for continuous 

improvement and contextual adaptation. Previous studies also stress that learner engagement and 

Figure 1: Framework for GenAI-Assisted Content Creation in MOOC Design 



 

 

comprehension must be evaluated dynamically and inform content updates to ensure continued 

pedagogical relevance (Abbasi et al., 2024). 

 

Although the proposed framework was developed within the context of Design Thinking educa-

tion, its structure is adaptable to a broad range of disciplines. It addresses several universal chal-

lenges in AI-assisted instructional design. First, the need to manage varying levels of cognitive 

complexity is common across subject areas, requiring thoughtful alignment between content depth 

and learner capabilities. Second, the challenge of designing meaningful assessments extends be-

yond any single domain, making the framework’s emphasis on integrated assessment development 

widely applicable. Third, expert validation is a critical requirement for ensuring instructional qual-

ity in any educational context, particularly when incorporating GenAI-generated materials. Fi-

nally, the framework’s emphasis on iterative improvement that is driven by learner feedback and 

performance analytics reflects a best practice in contemporary instructional design that is relevant 

across all educational environments. 

 

4.1 Comparative Positioning with Existing Frameworks 

In order to position the proposed framework within the broader landscape of GenAI-supported 

instructional design, it is compared with existing models such as GAIDE (Dickey & Bejarano, 

2024) and IntelliFrame (Hadyaoui & Cheniti-Belcadhi , 2024). Both of these frameworks provide 

valuable perspectives on AI integration in education, yet they differ from this study’s empirically 

grounded approach in several important ways (Table 3). 

Compared to GAIDE, which focuses on promoting creative collaboration between human experts 

and GenAI tools, the proposed framework distinguishes itself by offering task-level effort metrics 

derived from actual instructional design practice. Whereas GAIDE outlines broad phases of 

GenAI-supported course design, it lacks empirical data on the degree of human intervention re-

quired across content types. The current framework contributes this missing dimension by provid-

ing specific intervention percentages across 30 MOOC content units, enabling practitioners to an-

ticipate the human effort needed for quality assurance. 

Moreover, while GAIDE emphasizes planning and implementation, the proposed model expands 

to include ongoing refinement and formative evaluation. It also provides targeted recommenda-



 

 

tions for assessment development, an area underrepresented in the GAIDE model. Thus, the frame-

work builds upon GAIDE’s principles but introduces an operational layer grounded in instructional 

design metrics. 

Compared to IntelliFrame, which is primarily focused on adaptive AI-driven assessment, the pro-

posed framework adopts a broader scope, encompassing the full range of content development 

tasks (e.g., video scripts, case studies, exercises, and quizzes). IntelliFrame prioritizes AI-powered 

personalization and learner modeling, whereas this framework emphasizes the balance of GenAI 

and human expertise across all phases of MOOC content creation. Additionally, by embedding 

formative feedback and real-world testing as core phases, this model ensures that instructional 

quality evolves continuously in response to learner needs. 

 

Framework Aspect  GAIDE (Dickey & Be-

jarano, 2024) 

IntelliFrame (Hadyaoui 

& Cheniti-Belcadhi, 

2024) 

This Study’s Framework 

Primary Scope 

Broader application of GenAI 

in instructional design, em-

phasizing efficiency 

AI-driven assessment in 

e-learning, focusing on 

automated evaluation and 

feedback 

GenAI-assisted MOOC content crea-

tion with strong human oversight and 

iterative refinement 

Empirical Foundation 
Theoretical model with lim-

ited empirical validation 

Technical proof-of-con-

cept 

30 Content units systematically ana-

lyzed 

Phases 

1) Setup, 2) Course Content 

Rough Draft, 3) Macro Re-

finement, 4) Micro Refine-

ment, 5) Maintaining Contex-

tual Integrity in Iterative Re-

finement, 6) Consolidating 

Generated Content 

IntelliFrame is structured 

around key components 

and architectural layers 

rather than sequential 

phases: 1) Ontology-

Driven Architecture, 2) 

Personalized AI Chatbot, 

3) Adaptive Assessment 

Scenarios, 4) Real-Time 

Feedback & Monitoring, 

4) LMS Integration 

 

1) Content Generation (GenAI), 2) 

Human-AI Iteration, 3) Expert Re-

view & Refinement, 4) Testing & It-

erative Improvement. 

Human-AI Collabora-

tion 

AI as a powerful assistant, 

with human designers guid-

ing and validating. 

AI primarily automates 

assessment, human inter-

vention for initial setup 

and oversight. 

Explicit, iterative human oversight at 

every stage, with human expertise 

driving pedagogical quality. 

Table 3. Comparative Framework Analysis 

 



 

 

Human Intervention 

Metrics 

Qualitative phases without 

specific metrics 
Not specified 

Quantified effort levels: 0-25% (mini-

mal), 26-75% (moderate), 76-100% 

(extensive) 

Outputs 

Instructional materials, 

course outlines, learning ac-

tivities. 

Automated quizzes, per-

sonalized feedback, per-

formance analytics. 

Refined MOOC content, actionable 

guidelines for human-AI collabora-

tion, empirically grounded frame-

work. 

Unique Contribution 

Focuses on integrating GenAI 

into traditional instructional 

design models (ADDIE). 

Specializes in leveraging 

AI for efficient and effec-

tive assessment strategies. 

Emphasizes a systematic, single-case 

study approach to GenAI in MOOC 

design, providing task-level metrics 

of human intervention and a new 

framework grounded in empirical 

data, ongoing refinement/formative 

evaluation. 

 

The Framework for GenAI-Assisted Content Creation in MOOC Design addresses a gap not cov-

ered by existing theoretical or assessment-focused approaches by offering a practical, evidence-

based model for GenAI integration. Its contribution lies in the inclusion of task-level intervention 

metrics, expert validation loops, and a comprehensive approach to content development which 

positions it as a transferable and scalable solution for GenAI-enhanced instructional design. 

 

4.2 Guidelines and Best Practices for MOOC Designers 

Building upon the Framework for GenAI-Assisted Content Creation in MOOC Design, we provide 

practical guidelines to ensure effective implementation. While the framework establishes the 

phases of GenAI engagement, from content planning to iterative improvement, MOOC designers 

require actionable strategies for optimizing GenAI’s use at each stage. The following Guidelines 

and Best Practices for MOOC Designers (Table 4) translate the framework into concrete recom-

mendations, specifying how educators can leverage GenAI while maintaining instructional quality, 

pedagogical integrity, and learner engagement. These guidelines stress the collaborative role of 

GenAI and human expertise, ensuring that GenAI-generated content aligns with educational ob-

jectives and best practices in course development. 

 

 

Phase GenAI Application Expert Role Best Practices for MOOC  

Designers 

Table 4. Guidelines and Best Practices for MOOC Designers 

 



 

 

(1) 

 

Content Planning & 

Preparation 

 

 

Not applicable at this stage. 

GenAI is not used until 

course learning objectives 

and outline are finalized. 

However, some educators 

may use it to brainstorm 

module topics at this stage. In 

this case, course structure, 

progression, and depth should 

be refined and validated to 

align with learning objec-

tives. 

Define learning objec-

tives, course outline and 

instructional strategy be-

fore integrating GenAI.  

Establish the pedagogical 

framework and ensure 

alignment with learner 

needs. 

Ensure that learning objectives and 

course outline are clearly defined be-

fore engaging GenAI.  

If GenAI is used for brainstorming, 

its suggestions must be critically eval-

uated to align with instructional goals.  

Establish a structured instructional 

design plan to guide GenAI-assisted 

content creation in later phases. 

(2) 

 

Drafting Learning 

Materials & Iterative 

Refinement 

 

GenAI generates initial drafts 

for video scripts and key 

takeaways.  

It can also suggest case study 

examples, fictional scenarios, 

and quizzes relevant to course 

topics. 

 

Provide GenAI with 

structured prompts 

aligned with course learn-

ing objectives.  

Guide GenAI in generat-

ing initial drafts for video 

scripts, case studies, and 

exercises. 

Improve content by sug-

gesting alternative expla-

nations, analogies, and 

additional examples to en-

hance clarity. 

Guide GenAI with specific, structured 

prompts to improve content rele-

vance, depth, and completeness.  

Use GenAI-generated drafts as a 

foundation, but ensure educators iter-

atively refine outputs to enhance clar-

ity, depth, engagement, and alignment 

with learning objectives. 

GenAI is most effective in structuring 

content but requires expert input for 

explanations and pedagogical depth. 

 

(3) 

 

Quiz & Assessment 

Design 

 

 

Suggest multiple-choice 

questions based on unit sum-

maries. 

 

Rewrite questions to en-

hance critical thinking 

and cognitive depth. 

 

 

Use GenAI to generate question 

banks, but refine them for accuracy, 

cognitive complexity, and alignment 

with learning objectives.  

 

Complement GenAI-generated quiz-

zes with scenario-based, open-ended, 

and application-based assessments 

designed by experts to ensure mean-

ingful evaluation of student learning. 

 

 

 

(4) 

 

Case Study Develop-

ment 

 

Recommend real-world ex-

amples relevant to the subject 

presented. 

 

Fact-check, verify sources 

and enrich case studies 

with detailed analysis and 

application. 

 

 

GenAI can suggest real-world case 

studies, but experts must fact-check, 

contextualize, and enrich them with 

critical analysis.  

 

Ensure that case studies align with 

course learning objectives and pro-

vide opportunities for deep learning 

and application. 

 



 

 

(5) 

 

Final Review & Qual-

ity Assurance 

 

GenAI can refine explana-

tions, summarize key points, 

and offer variations of in-

structional content based on 

expert feedback. 

Evaluate GenAI-gener-

ated content for accuracy, 

depth, and engagement 

potential.  

Adjust tone, complexity, 

and relevance as needed. 

GenAI can assist in refining clarity, 

consistency, and grammar but should 

not be the sole evaluator of instruc-

tional quality.  

Experts must conduct a comprehen-

sive quality review to ensure content 

accuracy, engagement, and alignment 

with learning outcomes.  

Final assessments should incorporate 

human judgment to validate pedagog-

ical effectiveness before deployment. 

(6) 

 

Content Deployment 

& Iterative Improve-

ment 

 

GenAI can assist in interpret-

ing structured learner feed-

back and summarizing input 

data to support instructional 

refinement.  

It may also help generate 

content revisions in response 

to identified engagement is-

sues when guided by expert 

input. 

Assess learner engage-

ment and content effec-

tiveness to improve 

course materials.  

Use student feedback to 

guide improvements. 

 

Use GenAI to summarize open-ended 

learner feedback and generate revi-

sion suggestions based on instruc-

tional prompts. 

 

Ensure that insights from learning an-

alytics are interpreted by educators 

before making course adjustments. 

 

GenAI should support, not replace, 

human judgment in iterative course 

improvement. 

 

5. CONCLUSION AND LIMITATIONS  

This study examines the potential of Generative AI (GenAI) as a collaborative tool in MOOC 

content creation, illustrating its capacity to enhance instructional design efficiency while revealing 

several limitations that require human oversight. The findings indicate that GenAI can effectively 

contribute to the development of structured content, generate concise summaries, and propose fic-

tional scenarios for learner engagement. Nevertheless, its performance diminishes in tasks requir-

ing conceptual accuracy, contextual depth, and higher-order thinking, particularly in the generation 

of assessment items such as quizzes. These shortcomings require substantial expert intervention to 

support pedagogical quality and ensure alignment with learning objectives. 

To address these dynamics, the study proposes a Framework for GenAI-Assisted Content Creation 

in MOOC Design, accompanied by practical Guidelines and Best Practices for MOOC Designers. 

Building upon existing theoretical models, this framework extends prior work by grounding its 

design in empirical evidence from the systematic analysis of 30 content units across a Design 



 

 

Thinking MOOC. It introduces task-level intervention metrics, integrates expert validation at mul-

tiple stages, and emphasizes iterative quality improvement. The framework’s utility is currently 

being tested in a pilot MOOC deployment, with data collection underway to assess its impact on 

student engagement, learning outcomes, and the perceived effectiveness of GenAI-assisted in-

structional content. 

While the framework shows promise, several limitations must be acknowledged. First, the study 

is based on a single-case context (Design Thinking), which may limit generalizability to other 

disciplines without further adaptation. Second, the analysis was conducted by a lead instructional 

designer whose deep domain expertise in design thinking informed the intervention ratings. Alt-

hough a second researcher independently reviewed and validated the findings to ensure methodo-

logical reliability, future studies should consider expanding the coding process to include multiple 

raters and inter-rater agreement metrics. Additionally, the framework does not yet account for 

longitudinal learner outcomes or instructor perspectives beyond content development, which may 

influence the broader applicability of GenAI in online learning. 

Future research should explore the scalability of this framework across diverse subject domains, 

institutional settings, and learner populations. Empirical validation using quantitative learning an-

alytics and mixed-method learner feedback will be essential to test the framework’s effectiveness 

over time. Furthermore, research is needed to examine how advances in GenAI models influence 

the level of required human intervention and whether newer capabilities reduce or shift effort dis-

tribution across content types. Investigating how instructors adapt to GenAI collaboration and how 

learners perceive GenAI-generated content will also be important to guide ethical and pedagogi-

cally sound implementation. 

 

The study concludes by reinforcing the view that GenAI should be strategically integrated within 

structured instructional design frameworks, rather than positioned as a replacement for human ex-

pertise. Ongoing research and practical adjustments will be necessary to maximize the effective-

ness of GenAI models as they continue to evolve in education while ensuring that MOOCs main-

tain high academic standards, learner engagement, and contextual relevance. 
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