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Introduction
Generative artificial intelligence (GenAI) tools have begun to transform educational practice across higher education (Rivadeneira and Toledo, 2025). Unlike previous educational technologies, GenAI tools such as ChatGPT, Meta, and Gemini can generate human-like text, create educational resources, support assessment design, and assist with administrative and academic tasks (Kasneci et al., 2023). This has resulted in higher education institutions increasingly exploring the opportunities and challenges associated with integrating GenAI into teaching and learning practices (Francis, Jones and Smith, 2025, Coman et al., 2026). 
Significant debate has emerged about the uses of GenAI in higher education. Initial discussions focused largely on concerns regarding academic integrity, student assessment, and the potential misuse of AI-generated content (Muhsen and Khmas, 2025, Domínguez and Flores, 2026). However, as adoption has increased, attention has shifted towards of how these technologies influence academic work and professional practice more broadly (Francis, Jones and Smith, 2025). Research suggests that GenAI may enhance productivity by supporting routine tasks, reducing administrative burden, and providing rapid access to information and content generation (Dwivedi et al., 2023). At the same time, there are growing concerns around reliability in GenAI outputs, the need for verification and quality assurance, and the implications for professional judgement and decision-making (Kofinas, Tsay and Pike, 2025, Sun, Liao and Ma, 2026).

Literature review

Introduction
The review begins by examining the development and application of GenAI in higher education, considering its potential to enhance teaching and assessment alongside implementation challenges. It then explores the literature on academic labour and work intensification before examining Sweller’s cognitive load theory (1988), which provides the theoretical lens for interpreting lecturers’ experiences of cognitive workload.
The review also considers empirical research on GenAI and cognitive workload, along with literature on professional decision-making and adaptation in higher education (Duc, 2026). These areas provide the conceptual foundation for understanding how lecturers’ experience and respond to the cognitive demands associated with integrating GenAI into their practices.
The review concludes by identifying a gap in the existing literature. While research on GenAI in higher education is expanding rapidly, there remains limited understanding of how lecturers make sense of and adpt to changes in cognitive workload. Addressing this gap will contribute to both theoretical understanding and the development of evidence-informed approaches to supporting the effective integration of GenAI within higher education.
Generative AI in higher education
Studies increasingly present GenAI as a transformative technology capable of reshaping teaching, assessment, and academic practice within higher education (Kadel et al., 2026, Francis, Jones and Smith, 2025). Research has identified a growing range of applications for large language models (LLMs), including lesson planning, assessment design, resources development, feedback generation, and administrative support (Dwivedi et al., 2023; Kasneci et al., 2023). As a result, the literature has shifted from concerns about technological capability to how GenAI may influence educational practice and the work of higher education lecturers.
A recurring theme in the literature is GenAI's potential to improve efficiency by automating academic tasks (Buragohain, Lepcha and Singh, 2026; Lee, Lee and Yoo, 2025). Several authors argue that the technology enables lecturers to produce teaching materials, generate assessment content, and develop learning resources more quickly than traditional approaches Moundridou, Matzakos and Doukakis (2024), thereby increasing productivity and allowing greater focus on activities requiring disciplinary expertise and student engagement. These claims have contributed to an increasingly positive notion that positions GenAI as a mechanism for addressing workload pressures within higher education.
However, this perspective has been criticized for conceptualizing workload primarily in terms of time efficiency (Tahir and Lou, 2026). Although many studies report reductions in the time required to complete routine tasks, little literature shows how these reductions translate into reduced cognitive workload (He and Zhou, 2026). Academic work extends beyond content production and requires continuous professional judgement, critical evaluation, and decision-making (Caspari-Sadeghi et al., 2026). Consequently, assumptions that faster task completion reduces workload risk oversimplify academic practice.
Emerging research suggests that GenAI may redistribute, rather than reduce, lecturers’ workload (Matos, 2025; Tian and Deng, 2026). While AI systems can generate initial outputs rapidly, academics remain responsible for evaluating the accuracy, relevance, and pedagogical suitability of AI-generated material (Amigud and Pell, 2025; Muhsen and Khmas, 2025). There is a documented occurrence of AI hallucinations Huang et al. (2024), whereby systems generate inaccurate or fabricated information presented as factual; this reinforces the need for careful verification and critical review (Ji et al., 2022). These additional responsibilities require lecturers to monitor and make decisions, potentially creating new cognitive demands that offset efficiencies gained during content generation.
The redistribution of effort reflects a broader debate surrounding digital technologies and academic labour. Selwyn (2017) argues that educational technologies rarely eliminate work; instead, they reshape professional practice by creating new forms of labour that often remain unrecognised. From this perspective, GenAI should not be viewed solely as a productivity tool but as a technology that changes the nature of lecturers’ work, shifting cognitive effort from producing educational content towards evaluating, refining, and contextualizing AI-generated outputs (Selwyn, Ljungqvist and Sonesson, 2025; Tsoi and Breunig, 2025). This suggests that the impact of GenAI cannot be understood through efficiency measures alone and requires consideration of the cognitive and professional demands associated with its use.
Taken together, the literature suggests that GenAI is reshaping academic practice in ways that extend beyond efficiency improvements (Hon, 2025; Gabay, Funa and Ricafort, 2025). While the technology offers opportunities to support routine aspects of teaching and assessment, it also appears to introduce new cognitive and professional demands associated with verification, critical evaluation, and decision-making (Gerlich, 2025; Kim, Lee and Cho, 2022). Understanding how lecturers experience and respond to these changing demands remains underexplored and provides the basis for examining cognitive workload through the lens of cognitive load theory in the following section.
Academic labour and lecturer workload
Academic workload remains a key concern in higher education. However, there is little agreement on whether digital technologies ease or increase lecturers' demands. Norman et al. (2026) suggest that workload can be lessened via automation, online assessment, platforms, and planning tools. Conversely, digital practices can also heighten work through digital preparation, technostress, AI-related academic integrity issues, and ongoing adaptation (Bond et al., 2018).  More specifically, Tahir and Lou (2026) show a 34.6% reduction in lecturers' grading time when using AI assistance. However, Cooper et al. (2026) infer that there was an increase in workload, due to the demands of editing and technical challenges. 
Although GenAI may reduce lecturers’ workload (Krause, Dalvi and Zaidi, 2025), research suggests it often redistributes rather than reduces academic work. Surveying 284 academics, Watermayer et al. (2023) found that GenAI shifts workload rather than alleviating it. Selwyn et al. (2025) similarly found teachers in eight schools spent substantial extra time repairing, reviewing, and sometimes reworking GenAI outputs. Gilbert (2023) argued that invisible labor exists in all work, suggesting technology creates professional tasks that institutional productivity measures largely overlook. A systematic review by Willet and He (2024) identified five forms of invisibility that conceal professional effort across educational contexts. Thus, while GenAI may save time on routine tasks, it can add work through checking, adaptation, and skill development.
The divergence between these perspectives appears to derive from how academic workload is conceptualised. Studies reporting positive impacts often define workload through measurable outcomes, such as productivity, efficiency, or reductions in administrative tasks (Lee and Moore, 2024). For example, Jimenez (2026), found that GenAI enhances efficiency and streamlines administrative tasks. In contrast, qualitative research highlights the cognitive and professional demands of integrating GenAI. Law and Varanasi (2025), found that while lecturers delegated what they consider to be routine tasks to GenAI, they simultaneously take on new forms of AI managerial labour to monitor and refine, if necessary, the GenAI outputs. This distinction suggests that workload should encompass not only productivity but also the mental effort involved in professional decision-making.
These contrast between these findings highlights an important limitation within the existing literature. While many studies focus on technological capability, efficiency, and user adoption (Zhang, Yi and Gursoy, 2025), comparatively little attention has been given to lecturers’ cognitive experiences of using GenAI (Uijl et al., 2026). Hence, claims that GenAI reduces workload largely rely on productivity measures rather than the mental effort involved in evaluating, adapting, and verifying AI-generated outputs (Afroz et al., 2026; Su, Beh and Cheah, 2026). This leaves an important gap in understanding how GenAI influences lecturers’ cognitive workload.
Overall, the literature suggests that although GenAI can improve efficiency, it may also introduce new cognitive demands that traditional workload measures do not capture. Examining these demands requires a framework that considers mental effort alongside productivity. Cognitive Load Theory (CLT) provides such a framework and is therefore adopted as the analytical lens for this study.
Cognitive load theory
Cognitive Load Theory (CLT) provides a useful framework for understanding the mental effort required to perform complex tasks (Young et al., 2014). Originally designed to explain how instructional design influences learning, the theory proposes that working memory has a capacity and that learning is optimised when cognitive resources are managed effectively (Sweller, 1988). While CLT has traditionally been applied to student learning (Janssen and Kirschner, 2020), its principles have increasingly been adopted to examine cognitive processes in professional and workplace settings (Sewell et al., 2018). This broader application suggests the theory may also offer valuable insight into how lecturers manage the cognitive demands of integrating GenAI into teaching practices.
A key strength of CLT is its distinction among cognitive demands (Klepsch and Seufert, 2021): intrinsic load stems from task complexity, extraneous load from unnecessary or poorly designed processes, and germane load from effort spent understanding, problem-solving, and developing schemas (Kostiuk, 2026; Hollender et al., 2010). Supporters say this framework explains resource allocation during complex activities and has shaped research in educational psychology and instructional design. For example, Surbakti et al. (2024) show that poorly designed multimedia increases cognitive burden, while applying CLT principles to digital instruction reduces load and improves learning. 
Despite its widespread acceptance, CLT is criticized for emphasizing cognition while underplaying emotional, social, and contextual influences on learning and professional practice. Sortwell et al. (2026) infer that it overlooks interpersonal, self-management, social-emotional, and self-regulatory skills. Patel and Alismail (2024) note that research rarely considers emotions and intrinsic motivation alongside cognitive load. Zu, Munsell and Rebello (2021) question whether cognitive load can be measured consistently, since perceived mental effort varies with prior knowledge, expertise, and experience. These critiques suggest CLT is not a complete account of professional practice, but one framework for understanding cognitive performance.
Applying CLT to GenAI is an emerging area of research. Existing studies of GenAI in education evaluate it based on efficiency, user acceptance, or educational outcomes (J et al., 2024; He and Chai, 2025; Fütterer et al., 2026), whereas there is only a small number of studies that examine how GenAI influences the cognitive processes involved in professional decision-making (Filippone, Di Fuccio and Barbieri, 2025; Eedelouei, 2025). Supporters of GenAI argue that the technology may reduce intrinsic cognitive load by assisting with routine tasks and information processing. In contrast, Kyriakea, Avgerinou and Tiligadas (2026) suggest that GenAI may increase extraneous cognitive load by requiring lecturers to verify outputs, identify inaccuracies, refine generated content, and ensure ethical and pedagogical appropriateness. These contrasting perspectives indicate that GenAI can both reduce and increase cognitive demand, depending on how it is integrated into academic practice.
A further limitation of CLT is that it has rarely been applied to examine lecturers’ professional experience of using GenAI. Much research focuses on students’ learning or instructional design, leaving educators' cognitive experiences comparatively underexplored (Figueiredo and Schonewille, 2025). Consequently, understanding remains limited about how lecturers allocate cognitive resources when deciding whether to use, modify, verify, or reject AI-generated outputs during teaching and assessment (Sha et al., 2026).
When brought together, the literature suggests that Cognitive Load Theory offers an appropriate framework for examining the cognitive dimensions of lecturers’ professional practice. while the theory does not fully explain the organisational or social contexts surrounding AI adoption, it provides a well-established framework for exploring how mental effort is experienced and managed during complex decision-making. Using CLT as the analytical lens enables an examination of whether GenAI reduces, redistributes, or increases lecturers’ cognitive workload, providing a theoretical foundation for interpreting participants' experiences.
Generative AI and cognitive workload
The relationship between GenAI and cognitive workload remains an emerging area of research (Su, Beh and Cheah, 2026). Existing research presents a mixed picture: some studies suggest that AI-supported activities can reduce the mental effort associated with teaching tasks, while others indicate that effective use of GenAI requires additional evaluation, monitoring, and decision-making (Machado et al., 2025; Li and Alias, 2025). This contrast matters because it suggests that the cognitive consequences of GenAI are not determined by the technology itself but by how it is incorporated into professional activity.
Research on AI-supported learning suggests GenAI can reduce cognitive workload. In a quasi-experimental study of 23 student teachers, Li, Ji, and Zhan (2024) found that those collaborating with ChatGPT had lower cognitive load and completed more tasks than those working with an experienced teacher. However, the latter group produced slightly better final teaching proposals. In a global survey of 569 academic instructors, Bin-Nashwan et al. (2025) found that confidence and GenAI use frequency were positively associated with the effectiveness of ChatGPT-generated class materials, while workload intensity was negatively associated. Overall, GenAI may ease demands of complex tasks, partly depending on users’ knowledge of how to use it.
In contrast, research examining educators’ experiences indicates that GenAI may create additional cognitive demands. Jurado, Pettersson and Zwierewicz (2024), for example, found in a survey of 67 university lecturers that more than half reported using GenAI, with lesson planning as the most common use. Although many participants identified benefits, concerns regarding inaccuracies and the need for regulation were significant. This suggests that lecturers may perceive GenAI as useful while simultaneously recognising the need for additional professional oversight (Maro, Kondoro and Mtebe, 2025). This finding matters because it distinguishes using AI to generate output from being responsible for that output's quality. The former may reduce effort, while the latter may add cognitive demands.
The requirement for verification is particularly significant within a Cognitive Load Theory framework. GenAI can potentially reduce aspects of cognitive load by providing rapid access to information, generating initial ideas and structuring material (H.-P. Lee et al., 2025; Knor et al., 2026). However, these benefits may be offset when users must evaluate the reliability and relevance of AI-generated information. Research on AI-generated content has shown that Large Language Models (LLMs) can produce plausible but inaccurate information, meaning users cannot necessarily accept outputs without critical evaluation (Lai et al., 2026). This may shift cognitive activity from generation to verification and evaluation. Rather than removing cognitive effort, GenAI may therefore redistribute it across different stages of a task.
A key limitation of the existing literature is its tendency to examine outcomes such as task completion, productivity, perceptions, or learning performance rather than lecturers’ cognitive experiences. For example, the previously mentioned study by Li, Ji and Zhan (2024) provides direct evidence on cognitive load, but its participants were student teachers rather than experienced higher education lecturers. Similarly, the study conducted by Bin-Nashwan et al. (2025), provides additional evidence of using GenAI to enhance teaching efficiency, thus lowering cognitive load; however, this was done using a survey, which could potentially take away personal experience and views. These contextual and methodological differences limit the extent to which existing findings can be transferred to higher education lecturers. 
The distinction between reduced workload and redistributed cognitive workload is therefore central to the present study. GenAI may reduce the cognitive demands when it comes to initiating or producing teaching materials; however, it has the possibility of increasing cognitive demand through checking accuracy and making judgements about suitability, modifying outputs, and deciding whether an AI-generated response should ultimately be accepted or rejected. This possibility has been discussed within higher education. in particular, there is limited understanding of how lecturers themselves make sense of these changing demands and the strategies they use to manage them.
Overall, the empirical evidence does not support a simple conclusion that GenAI either reduces or increases cognitive workload. Instead, emerging evidence suggests that its effects likely depend on the nature of the task, the user's expertise, the degree of human oversight, and how GenAI is integrated into professional practice. This supports using cognitive load theory as an analytical lens for examining lecturers’ experiences. Rather than assuming GenAI reduces workload because it saves time, the present study examines how lecturers experience and navigate the cognitive demands of using, modifying, verifying, and rejecting AI-generated outputs. 
Professional decision-making and adaptation.
GenAI’s growing use in higher education requires lecturers to decide when and how to incorporate AI-generated outputs into professional practice (Uijl et al., 2026; Bayraktar et al., 2026). This shifts the view of GenAI from a productivity tool to a technology that shapes professional judgment (Selwyn, Ljungqvist and Sonesson, 2025). Although GenAI can support decisions with rapid information and potential solutions, concerns include accuracy, reliability, bias, and over-reliance (Al-Anezi, 2026). Effective use therefore depends less on generating outputs than on critically evaluating and adapting them.
Research shows both benefits and limits of AI-supported decisions. Dell’Acqua et al. (2026) found that ChatGPT-4 improved performance on tasks within its capabilities but reduced it when used beyond its competence. This matters in professional practice: appropriate use can enhance performance, while misplaced reliance can undermine it (Lekota and Ajani, 2026). Greater AI access does not automatically improve decisions; users must know when to trust GenAI.
Similar tensions are evident in higher education. Bhat et al.’s (2024) large-scale survey of 1,214 higher education lecturers found that performance expectancy, effort expectancy, facilitating conditions, and habit were positively associated with ChatGPT adoption, and that trust played an important role in the relationship between intention to use and actual behavior. These findings suggest that lecturers’ decisions to use GenAI are influenced by their perceptions of its usefulness and ease of use, as well as their level of trust in the technology (Shata and Hartley, 2025). However, adoption research primarily explains whether educators use GenAI rather than how they decide on individual AI outputs (Raman, Achuthan and Nedungadi, 2026). This distinction is important for the present study because frequent use does not necessarily indicate uncritical acceptance.
Moreover, research demonstrates that lecturers hold diverse and sometimes contradictory views about GenAI. Bower et al. (2024) used a mixed-methods design with 318 educators from different educational backgrounds and found significant variation in perceptions of how teaching and assessment should respond to GenAI. The study identified a range of motivations for changing practice, suggesting that educators were not responding to GenAI with a unified approach. Muhammad and Ahmad (2025) support this argument that professional adaptation is an active process rather than an automatic consequence of technological change. Lecturers may therefore develop individual strategies based on their assessment of usefulness, risk, institutional expectations, and their own professional experience.
This variation is also evident in research specifically examining higher education lecturers. For example, Lee et al. (2024) surveyed 30 teaching staff, interviewed 8, and found no consistent view of GenAI and considerable uncertainty about appropriate practice. Nearly half of participants reported using AI in their teaching, while less than a quarter believed their institution had adequately prepared them for AI integration; more than three-quarters also indicated they needed additional institutional support.  These findings contrast with approaches that conceptualise AI adoption primarily as a matter of individual technological acceptance (Yusof, Harun and Bachok, 2026). Instead, they suggest that lecturers’ decisions are shaped by institutional context, professional uncertainty and the availability of appropriate support.
This tension is particularly relevant to CLT. For example, Selwyn, Ljungqvist and Sonesson (2025) inferred that GenAI may reduce cognitive demands associated with generating information while increasing demands associated with evaluating, modifying and verifying outputs. However, Yunus, Gay and Lee (2025) showed that high-ability users often used the tool for strategic verification, and low-ability users often used it to bypass cognitive effort. Although this study used students, it highlights the importance of examining participants' actual experience rather than assuming GenAI has a uniform cognitive effect.
Overall, the literature indicates that professional adaptation to GenAI involves more than technology adoption (Duc, 2026). Lecturers must continually judge its usefulness, accuracy and appropriateness. Nevertheless, existing research has focused predominantly on attitudes, adoption and intentions rather than the detailed cognitive processes involved in deciding whether to use, modify, verify or reject AI-generated outputs (Ria et al., 2026). This provides a clear rationale for the present study.
Conceptual positioning and research gap
The literature shows that GenAI can improve efficiency in higher education (Bi, 2026; Francis, Jones and Smith, 2025), but evidence on its broader impact remains contested. Some research identifies reductions in task time and improved performance (Rivadeneira and Toledo, 2025), while other studies highlight concerns about accuracy, trust, professional responsibility, and institutional preparedness (Dell’Acqua et al., 2023). Consequently, GenAI cannot be understood simply as either reducing or increasing academic workload.
A major limitation is that much existing research focuses on adoption, attitudes, and perceived usefulness. For example, Alshammari and Alshammari (2024), provide valuable evidence concerning factors influencing educators’ adoption of ChatGPT, but these findings offer limited insight into what happens when lecturers actually engage with individual AI outputs. Alternatively, GenAI adoption research remains valuable because understanding willingness to use GenAI is an important first stage in understanding technological change (Hidayat et al., 2026). However, adoption alone cannot explain the cognitive processes involved in professional decision-making.
Therefore, CLT offers a useful but incomplete theoretical perspective. A potential criticism is that CLT primarily focuses on cognitive processes and may not fully account for the organizational, emotional, and social factors that influence lecturers’ use of GenAI (Sortwell et al., 2026). However, this study does not use CLT as a complete explanation of AI adoption. Instead, it serves as an analytical lens to examine the cognitive demands evident in lecturers’ accounts.
The key research gap is therefore the limited understanding of how higher education lecturers make sense of and navigate the cognitive demands associated with GenAI use, particularly how they decide to use, modify, verify or reject AI-generated outputs. This study addresses this gap through an inductive qualitative approach, using semi-structured interviews and reflexive thematic analysis, with CLT providing the theoretical lens through which participants’ experiences are interpreted.
Overall, the literature suggests that GenAI may reduce, increase or redistribute cognitive effort depending on the task, lecturer, and context. Rather than assuming a predetermined effect, this study explores how lecturers themselves experience and manage these changing demands. 
This provides the foundation for the research question: How do higher education lecturers make sense of and navigate the cognitive demands of using generative artificial intelligence (GenAI) in their professional practice.

Research paradigm and methodological approach
This study adopts a qualitative approach to explore how higher education lecturers make sense of and navigate the cognitive demands of using GenAI in their professional practice. A qualitative approach is appropriate because it seeks to understand participants’ experiences, interpretations, and meanings within their social and professional contexts (Creswell and Creswell, 2023). Rather than measuring the frequency or extent of GenAI use, this study focuses on how lecturers experience AI-supported activities and how they decide whether to use it. 
Existing GenAI research largely uses surveys to examine attitudes, perceptions, adoption, and behavioural intentions. While quantitative methods identify population-level patterns (Rusli and Purnomo, 2025), they reveal less about participants’ reasoning and experiences. Qualitative research explores unanticipated issues and examines participants’ accounts in greater depth.
The study adopts an exploratory inductive approach. Inductive qualitative research allows concepts, patterns and meanings to emerge from participants’ accounts rather than requiring the data to conform to predetermined categories (Braun and Clarke, 2022). This is particularly appropriate because the cognitive demands associated with GenAI use within higher education remain an emerging area of research (Balart, Díaz and Shryock, 2026). An inductive approach therefore provides sufficient flexibility to identify unexpected experiences and strategies lecturers use when interacting with AI-generated outputs.
However, combining CLT with an inductive approach can be problematic. A potential criticism is that introducing an established theoretical framework could lead the researcher to interpret participants’ accounts through predetermined theoretical categories (Garvey and Jones, 2021). This could restrict the emergence of alternative explanations from the data. Braun and Clarke (2022), however, emphasise that reflexive thematic analysis can be conducted from different theoretical positions, provided that the researcher is transparent about their assumptions and analytical approach. The present study therefore treats CLT as an analytical lens rather than a predetermined coding framework.
CLT provides a theoretical basis for examining how cognitive demands may influence processing of complex information. Sweller, Van Merriënboer and Paas (2019) argue that working memory has limited capacity when processing novel information and that cognitive load must be managed to avoid excessive demands on cognitive processing. This is relevant to this study because lecturers using GenAI may need to process AI-generated information while simultaneously evaluating accuracy, relevance, pedagogical suitability and ethical considerations (Krause, Dalvi and Zaidi, 2025). However, using CLT does not suggest that cognitive processes are the only factors influencing lecturers’ experiences. A limitation of applying CLT to professional 

Justification for the use of semi-structured interviews
Semi-structured interviews were selected as the primary data collection method because they provide an appropriate balance between consistency and flexibility (Kallio et al., 2016). The research question seeks to understand how higher education lecturers make sense of and navigate the cognitive demands associated with using GenAI. This requires access to participants' experiences, interpretations, and decision-making processes, which quantitative measures or structured interviews may not adequately capture (Kvale and Brinkmann, 1996).
A key advantage of semi-structured interviews is that they allow the researcher to ask a consistent set of core questions while providing opportunities to explore individual responses through probing questions (Kallio et al., 2016). This is particularly relevant to the present study because lecturers are likely to have different levels of experience with GenAI and may use the technology for different academic activities (Watted, Tonna and Camilleri, 2026). The interview's flexibility therefore allows unexpected issues to emerge while maintaining enough consistency across participants to support comparison during analysis (Coker and Akande, 2025).
A semi-structured interview was preferable because it maintained a common focus while letting participants elaborate and raise unanticipated themes (Hallberg, 2008). Khan, Fong and Tripathi (2025), for example, found that participants may identify cognitive demands such as checking AI-generated information, rewriting outputs, and deciding when to use AI. Fully structured interviews might miss these experiences, whereas semi-structured interviews let researchers explore relevant accounts in depth (Robinson, 2023).
The choice of interviews is also supported by the methodological gap identified in the literature review. Much existing research into GenAI adoption has used questionnaires and quantitative measures to examine attitudes, perceived usefulness, and behavioural intentions (Wang and Liu, 2026). While these approaches can establish patterns across large samples, they provide less opportunity to explore the reasoning behind individual decisions (Borgstede and Scholz, 2021). Qualitative interviews can therefore complement existing research by examining how lecturers interpret and respond to GenAI within their professional contexts. 
Semi-structured interviews are also well suited to examining cognitive demands because participants can reflect on specific examples of their GenAI use (Candello et al., 2025). Rather than simply asking whether AI makes their work easier or harder, participants can describe what they actually do when interacting with AI-generated output. For example, questions can explore how participants determine whether an output is accurate, what prompts them to modify it, how they decide whether further verification is necessary, and what circumstances lead them to reject an output.
However, semi-structured interviews have limitations. Participants may provide socially desirable responses, particularly because GenAI use can involve concerns around academic integrity, institutional expectations, and professional competence (Wang, 2024). There is also a risk that participants may struggle to recall accurately how they experienced particularly situations of using GenAI

Research participants and sampling strategy 
The proposed sample size will be between 3 -5 higher education lecturers. This range is appropriate for a small-scale qualitative study undertaken within the timeframe (Bekele and Ago, 2022). The purpose of the research is not to achieve statistical representation but to generate rich, detailed data to explore participants’ experiences, interpretations, and decision-making processes.
This sample size is informed by the concept of information power, developed by Malterud, Siersma and Guassora (2021), which suggests that the more relevant information participants contribute to a focused research question, the fewer participants are required. The authors identify several factors that influence sample size, including sample specificity, the study's aims, the use of established theory, the quality of the interview dialogue, and the chosen analytical approach.
In this study, the research question focuses on higher education lecturers' experiences navigating the cognitive demands of GenAI. The participant group is relatively specific, and the study draws on Sweller’s CLT. These factors support a smaller sample, provided participants generate sufficiently detailed and relevant accounts. However, the proposed range of 3-5 participants is an initial target rather than a fixed methodological requirement.
A sample of 3-5 participants will allow the researcher to conduct in-depth, semi-structured interviews while allowing time for transcription, familiarisation with the data, coding, and reflexive thematic analysis (Crouch and McKenzie, 2006). It will also provide opportunities to explore similarities and differences in how lecturers experience and manage cognitive demands associated with GenAI.
Although saturation is frequently used to justify sample size in qualitative research, Malterud, Siersma and Guassora (2015) caution against applying it as a universal criterion across different methodologies. This is particularly relevant because the present study uses Braun and Clarke’s (2022) reflexive thematic analysis, where themes are actively developed through the researchers' interpretative engagement with the data. Therefore, the study will not assume sample sufficiency simply because no new information appears in later interviews. 
The small sample size may limit the transferability of the findings to other higher education contexts. Nevertheless, it supports an in-depth exploration of lecturers’ experiences and aligns with the study's interpretivist, qualitative design. The findings will therefore be presented as context-dependent insights rather than generalisable claims about the wider higher education sector. 

Data collection procedures
Data will be collected through the use of semi-structured interviews with higher education lecturers who have experience of using GenAI. Semi-structured interviews provide a consistent framework while allowing flexibility to explore participants’ experiences in depth (Brinkmann, 2022). The interview schedule will be informed by Sweller's Cognitive Load Theory (CLT) and align with the research question. Questions will explore lecturers’ experiences of GenAI, the cognitive demands they encounter, and how they decide to use, modify, verify, or reject AI-generated outputs. Although CLT informs the questions, the interviews will remain open-ended to support the inductive approach and allow unexpected themes to emerge.
Interviews will be conducted online and are expected to last approximately 30-45 minutes. With participants’ consent, interviews will be audio-recorded to support accurate transcription. Participants will be reminded not to disclose confidential institutional or personal information relating to students or colleagues. Follow-up questions will encourage detailed examples of professional decision-making and cognitive demands. Following each interview, recordings will be transcribed, and identifying information will be removed or anonymised. Data will subsequently be analysed using Braun and Clarke’s reflexive thematic analysis (Braun and Clarke, 2022).
The data collection process will support an iterative relationship between interviewing, reflection, and analysis, consistent with the study's interpretivist positioning.

Data analysis 
Interview data will be analysed using Braun and Clarke’s (2022) reflexive thematic analysis (RTA). This approach is appropriate because it provides a flexible method for identifying, developing, and interpreting patterns of meaning within qualitative data. It aligns with the interpretivist position of the research by recognising that themes are developed through the researcher’s active engagement with participants’ accounts.
RTA has also been selected because it supports an in-depth exploration of lecturers’ experiences, perceptions, and professional decision-making when using GenAI. It allows the researcher to identify similarities and differences across participants while remaining open to unexpected findings (Georgiou, Struyf and Wong, 2026). This is particularly relevant to the study’s inductive approach, as the analysis will be guided by the data rather than restricted to predetermined categories.
The initial coding and theme development will be primarily inductive. Sweller’s Cognitive Load Theory (CLT) will inform the subsequent interpretation of the findings as an analytical lens. This will support consideration of cognitive demands, mental effort, and task complexity without imposing the theory on participants’ responses.
Reflexivity will be maintained throughout the analytical process by considering how the researcher’s experiences, assumptions, and professional perspectives may influence coding, theme development, and interpretation (Berger, 2013). Reflective notes will support transparency and critical engagement with analytical decisions. Final themes will be presented through an analytical narrative supported by relevant participant quotations and linked to the research question and existing literature.

Findings 
The data were analysed using Braun and Clarke’s (2022) reflexive thematic analysis.  From the data collected, three subsequent themes were developed from the participants' accounts: ‘Efficiency and the redistribution of cognitive effort’, ‘professional judgement, trust and responsibility, and ‘Adapting teaching and assessment practices’.
The themes demonstrate that participants did not view GenAI as simply reducing or increasing workload. Instead, they described how GenAI redistributed cognitive effort, requiring lecturers to judge accuracy, suitability, ethics, and educational value. The findings also indicate that participants were adapting their professional practices in response to the opportunities and challenges GenAI presents.
Theme one: efficiency and the redistribution of cognitive effort
Both participants identified ways GenAI could improve efficiency and reduce the time required to complete particular tasks. However, the interviews also showed that using GenAI did not necessarily remove cognitive effort. Instead, some aspects of the work were transferred from generating content to checking, refining and evaluating outputs. 
For example, Participant 2 described using Copilot to generate ideas for classroom activities and formative assessments. They explained that GenAI enabled them to produce ideas more quickly than when working independently:
“it definitely reduced lots of mental workload that’s required” 
The participant explained that designing activities independently could be time-consuming, whereas providing requirements to the AI tool allowed them to generate ideas and develop an initial draft more efficiently. GenAI was therefore positioned as a starting point that supported the development of teaching material rather than replacing the lecturer's contribution.
Participant 1, however, offered a more cautious account of workload reduction. They described using Notebook to convert a PowerPoint presentation into a podcast for international students who might struggle to understand complex academic content. Although the tool completed the recording element, the participant explained that they had to add further information to the PowerPoint notes before generating a more effective version:
“It's created more work for me, hasn’t it, in my attempt to make it easier for students.”
This account suggests that GenAI reduced some practical demands while simultaneously creating additional cognitive and preparation requirements. The lecturer needed to evaluate the first output, identify what was missing and provide more detailed information to improve the final resource. Although the resource could potentially be reused in the future, the immediate process involved additional work.
A similar pattern was evident in Participant 1’s use of GenAI to refine assessment feedback. The participant explained that AI could provide alternative wording that was sometimes clearer or more appropriate. However, the lecturer still decided whether to use the revised wording, considering whether the meaning and intended message had been maintained.
“Especially in assessment, when you write that really long comment and sometimes you read a sentence and think that isn't actually any good at all, you know, those words are rubbish. So I have found that it can give you alternative wording.
These findings suggest that GenAI was experienced as a tool for supporting particular aspects of professional work, particularly idea generation, drafting, rewording and resource development. Nevertheless, the cognitive effort involved in reviewing and adpting outputs remained important. From a CLT perspective, this suggests that GenAI may redistribute cognitive effort rather than simply reduce overall workload.
Theme two: professional judgement, trust and responsibility
A central finding across both interviews was the continued importance of professional judgement when using GenAI. Participants did not consider AI-generated content to be automatically reliable or suitable for direct use. Instead, they described the need to assess the accuracy, relevance and appropriateness of outputs in relation to their teaching context.
Participant 1 emphasised the importance of accuracy when considering the use of GenAI to create teaching resources. As they taught at postgraduate level, they believed that information needed to be accurate, appropriately referenced, and aligned with programme documentation. For example:
“Yes, I can see that there are uses now that might help me. I'm just not quite willing to let it go completely so that it takes the workload away, you know. I'm not certain enough that it would give me the right answer.”
The participant’s comments suggest that professional expertise influenced their willingness to rely on AI-generated information. They explained that they would still need to check the facts and ensure the content aligned with relevant academic sources and module requirements. Consequently, the potential time saved through AI-generated content was uncertain because verification remained necessary.
Participant 2 similarly described trust in GenAI as conditional. Although they acknowledged its usefulness, they stated:
“I would kind of respond it this way that I don't trust it 100% and I don't want to rely on it 100%, but I acknowledge it as a useful tool.”
They therefore described the need to:
“double, triple-check the result it's giving me and is only using that as sort of like a stimulus of thinking.”
This inferred the need to check GenAI outputs meticulously and viewed it as a stimulus for developing their own thinking rather than something on which they could rely completely.
Both participants therefore positioned professional knowledge as essential when interacting with GenAI. Participant 1 explained that they could identify whether a revised piece of feedback was appropriate because they understood the intended meaning and had experience of assessing students’ work. Participant 2 also highlighted the importance of having a clear understanding of the intended learning outcomes before requesting suggestions from AI.
Ethical responsibility was another important aspect of this theme. Participant 1 expressed concerns about entering students’ work into external AI systems and the possibility that information could be reused or processed elsewhere. As a result, they preferred to use Copilot within university systems.
“Copilot, that's what I tend to use most frequently, as I feel more, you know, more comfortable with the data that, you know, the way that they store data. I feel that my input would be quite safer than if I used, say, a non-university-subscribed version.”
Participant 2 also described ethical concerns about authorship, data protection, and the use of personal information.
“I'm really careful about that I don't put any personally identifiable information.”
They viewed developing teaching materials with AI as a form of collaboration and believed this contribution should be acknowledged. They also explain that they avoided including personally identifiable information in prompts, even when using a university-supported system.
“I can't even say that it belongs to AI because AI adopts or, you know, got the data elsewhere by other users and then created something. So I can't say that the author is the tool, but I have to acknowledge that this is not just through my own effort.
and things like that. Second thing that I'm really careful about is when I'm actually putting prompts into the tools.”
The findings suggest that trust in GenAI was not absolute. Participants adopted a position of cautious engagement: AI was not considered useful on its own and required human oversight. Professional judgment, subject knowledge, and ethical awareness remained central to decisions about whether to use, modify, or reject AI-generated content.
Theme three: adapting teaching and assessment practices
The third theme concerns how participants adapted their teaching and assessment practices in response to the development and increasing use of GenAI. Both participants recognized potential benefits, but their concerns focused on student learning, assessment validity, and the lecturer's continuing role.
Participant 1 expressed concern about students submitting work that they had not independently produced:
“Really, you know, that is my concern. When work is submitted to you, and you know the student, and typically I do because I teach small numbers generally, and you know that the student in front of you in the room did not write those words.”
They distinguished between using AI for proofreading or checking written work and using it to generate an entire assignment. The participant compared proofreading to getting help from another person, but viewed generating substantial academic work as problematic because students might not understand or be able to defend the content they submitted.
“I don't see much of a difference between getting a person to proofread and getting a computer to proofread. That's fine. But when that turns into an assignment that the AI is creating.”
These concerns had practical consequences for teaching and assessment. Participant 1 explained that assessment practices had been changed to break assignments into smaller stages and provide greater scaffolding:
“Yeah, yeah. I think we have tried to get around some of the issues by breaking down the assignments into bits.”
The participant also described an increase in the time spent identifying and referring:
“So, the fact that students think it's okay to generate words that are not their own. Causes me many hours of work.”
This included involvement in panels, committees and extra processes:
 “Where we see somebody has not written this piece of work. You've got to send that through a system. It goes to a panel, there's a committee, sometimes there's a viva, which again takes my time because I've got to be in the viva to ask the questions and things.”
The findings therefore suggest that GenAI created additional responsibilities for lecturers beyond directly using AI tools in their own teaching.
Participant 2 expressed similar concerns about assessment design. They argued that when universities assess only the final product, it can be difficult to determine whether students have developed the intended skills or whether AI has provided a shortcut.  
“Definitely. And that is, I'd say, the reason why I was really sceptical about it in the 1st place, because it brings lots of worries about the kind of traditional assessment, the way that AI could impact on what we call the kind of conventional, the traditional way of
assessing those students”
The participant suggested that institutions need to reconsider assessment approaches so they can evaluate the learning process, not just the outcome.
“So if we, if the university cannot change the type of assessment that we provide, I will never stop worrying because the You know, if we only assess the outcome, it's sometimes really difficult to make judgement on whether the students have developed the skills sufficiently for them to, or whether you know what they have produced was a was a was not their effort, 
Both participants therefore described GenAI as influencing the relationship between teaching, assessment and professional responsibility. Participant 2 also identified the need for lecturers to develop new approaches to using GenAI responsibly. They argued that lecturers should be open-minded and willing to explore the technology, while also remaining vigilant and understanding what AI can and cannot do.
“They need to be open-minded. They need to be less afraid. So then they can be more willing to explore the technology. But at the same time, they need to be vigilant, more vigilant, I'd say”
“They need to understand that the kind of what AI can do, what AI can't do, what AI shouldn't be doing, what we shouldn't do when we're interacting with AI.”
 Participant 2’s account also extended beyond immediate teaching practice to consider the wider purpose of education: 
“There are lots of debates about what education is for, but now with AI there, which and is already replacing lots of workforce and it's making life easier, but it's also going to be going to make life a lot difficult for lots of people because it's replacing workforce.”
They questioned whether education should primarily prepare individuals to become productive members of society or whether it should focus more broadly on human development: 
“So I think this is the kind of question that we probably need to go back to again and again as we sort of see the consequence and more and more consequences or the kind of result of the development of AI, and the integration of AI into different, into all kind of different areas of society and kind of life that we're living. Yeah, so I think that would be what education is for, this kind of fundamental philosophical question about education is something we need to pay attention to more and more.”
This suggests that GenAI was not viewed solely as a technology as a technological tool but also as a development that raises wider educational philosophical questions.
Overall, both participants described adapting their practice through increased checking, changes to assessment design, greater attention to student authenticity and ongoing professional learning. their responses suggest that the integration of GenAI requires lecturers to reconsider not only how tasks are completed but also what educational activities are intended to achieve.


Critical discussion
This study explored how higher education lecturers make sense of and navigate the cognitive demands of using generative artificial intelligence (GenAI) in their professional practice. Three overarching themes were identified: efficiency and cognitive redistribution, professional judgement and trust, and adapting teaching and assessment practices.
Taken together, the findings suggest that GenAI may not necessarily straightforwardly reduce lecturers’ cognitive workload. Instead, its use may redistribute cognitive effort across different stages of professional activity. Tasks that previously required lecturers to generate materials, ideas, or written content from the beginning could be completed more quickly with GenAI. In contrast, additional effort may then be required for evaluation, verification, refinement, and professional judgment.
This interpretation appears broadly consistent with the literature review, which identified uncertainty regarding whether reductions in task completion time necessarily correspond to reductions in cognitive workload. Tahir and Lou (2026) and He and Zhou (2026), for example, question whether efficiency should automatically be interpreted as reduced workload, while Matos (2025) and Tian and Deng (2026) suggest that GenAI may redistribute rather than remove academic work. The findings from this study may therefore provide some qualitative support for this position, while the limited sample means that such an interpretation should remain cautious.
The findings can also be considered through CLT, which proposes that working memory has a limited capacity and distinguishes between intrinsic cognitive load associated with task complexity, extraneous cognitive load associated with the way a task is presented or undertaken, and germane cognitive load associated with learning and schema development (Sweller, 1988; Klepsch and Seufert, 2021). In this study, CLT may provide a useful lens for considering how GenAI appears to influence where lecturers direct their cognitive resources. However, the findings also suggest that CLT alone may not adequately account for the professional, ethical, and institutional factors influencing lecturers’ decisions.
Efficiency and cognitive redistribution
The first theme, efficiency and cognitive redistribution, appears to connect the participants’ accounts strongly with the existing literature on GenAI and academic workload. Both participants described situations in which GenAI appeared to reduce the effort required to initiate or develop teaching-related tasks. Participant 2, for example, described using Copilot to generate ideas for classroom activities and reported that this reduced the mental workload involved in designing activities independently. Participant 1 similarly described using GenAI to support resource development and refine existing work.
These appear broadly consistent with research suggesting that GenAI may support lesson planning, resource development and other academic tasks (Kasneci et al., 2023; Moundridou, Matzakos and Doukakis, 2024; Buragohain, Lepcha and Singh, 2026). The findings may also provide some support for Li, Ji and Zhan’s (2024) findings that AI-supported activity can reduce cognitive load under particular circumstances.
However, participants' accounts offer a more qualified interpretation of efficiency. Rather than describing GenAI as simply removing work, participants appeared to experience a change in the nature and sequence of the work undertaken. Participant 1’s experience of using Notebook to transform a PowerPoint presentation into a podcast illustrates this possibility. Although the technology appeared to remove some of the work associated with recording the resource, the initial output lacked sufficient contextual information. The participant subsequently returned to the presentation, added further information and generated another version.
This experience may mirror literature outlined in the literature review for example, Slewyn’s (2017) argument that educational technologies can reshape rather than eliminate professional labour. It also appears to align with Selwyn, Ljungqvist and Sonesson (2025), who suggest that GenAI may shift academic work towards reviewing, refining and contextualising generated material. Similarly, Watermeyer et al. (2023) found that GenAI could redistribute academic workload rather than necessarily reduce it.
The findings may therefore indicate that GenAI can reduce the cognitive effort of initiating some tasks without necessarily reducing the cognitive demands of completing them to an appropriate professional standard. The lecturer still appears to need to understand the subject matter, the needs of students and the intended purpose of the activity before determining whether the generated material is appropriate.
CLT may explain this pattern. GenAI could potentially provide an initial structure, idea, or draft, thereby reducing some of the mental effort involved in generating material from the beginning. However, the underlying professional task may retain much of its complexity. From this perspective, GenAI may alter the distribution of cognitive effort rather than reduce it.
This interpretation appears to support Tahir and Lou’s (2026) argument that workload should not necessarily be conceptualised solely through time or productivity measures. It may also reflect the distinction identified by Gilber (2023) and Willet and He (2024) between visible productivity and less visible forms of professional labour.
An important consideration emerging from the findings is therefore that efficiency may be conditional rather than absolute. GenAI appeared particularly useful when participants possessed sufficient subject knowledge to recognise useful outputs, identify limitations and make modifications; this was shown with Participant 2’s explanation of GenAI being useful and time-saving, but explaining the need to build on the draft to achieve the result. This may align with Bin-Nashwan et al. (2025), who found associations between confidence, frequency of GenAI use, and the effectiveness of AI-generated outputs.
The findings may therefore suggest that GenAI is unlikely to remove the need for professional cognitive effort. Rather, it may alter where and how that effort is applied.
Second theme
While the first theme concerned the potential efficiencies associated with GenAI, the second theme, professional judgement and trust, focuses on how participants evaluated the outputs produced by the technology.
Participant 2 described being unwilling to fully trust GenAI because of the possibility of hallucinated information. The participant explained that AI could present information in an authoritative and convincing manner and consequently described the need to “double, triple check” the results. Rather than treating GenAI as a source of definitive answers, the participant described it as a “stimulus of thinking”.
This appears consistent with the literature concerning the reliability of AI-generated information and the need for human verification (Ji et al., 2022; Huang et al., 2024). More significantly, the participant account provides insight into what verification meant within professional practice. The lecturer was required to make a judgement about whether information was sufficient reliable to be used.
Participant 1’s approach to feedback provides a similar example. The participant indicated that AI-generated wording would be retained only when it improved the original and that an inferior response would be rejected. This suggests that trust was not established at the level of the technology as a whole but was negotiated at the level of individual outputs.
The findings may therefore extend research concerning trust and GenAI adoption. Bhat et al. (2024) identify trust as an important factor associated with ChatGPT adoption, while Shata and Hartley (2025) also consider the relationship between trust and use. The participant accounts may suggest that professional trust is more conditional than a simple decision to adopt or reject the technology.
This conditionality is particularly evident in Participant 2’s description of becoming more vigilant when evaluating information. The participant suggested that GenAI enhanced their criticality and that they became more vigilant about outputs, including student work. This may indicate that engagement with GenAI can influence not only individual checking behaviours but also wider approaches to evaluating information.
The findings may also suggest that professional judgement is closely connected to disciplinary knowledge. Participant 1’s observation that “you need to know enough language to know that it's wrong” illustrates that the ability to evaluate AI output may depend upon knowledge that exists independently of technology. GenAI may therefore provide an answer or suggestion without providing the means to determine whether that answer or suggestion is appropriate.
This appears relevant to Dell’Acqua et al. (2026), who suggested that AI-supported performance may depend upon whether the technology is being used within its capabilities. Within the present study, participants appeared to retain responsibility for determining whether those capabilities were sufficient for the particular task.
The significance of this finding may be less about whether lecturers trust GenAI and more about how they exercise judgement when using it. The participants appeared to occupy a position between complete acceptance and complete rejection, using the technology while retaining responsibility for evaluating its outputs.
Adapting teaching and assessment practices
The third theme, adapting teaching and assessment practices, concerns the wider consequences of GenAI for lecturers’ professional practice. Whereas the previous section focused on evaluating AI-generated outputs, this theme indicates that participants were also responding to changes in how students might use GenAI.
Participant 1 described concerns about submitting work that they had not written themselves. These concerns appeared to have consequences beyond individual assessment decisions. The participant described spending more time identifying suspected AI use and progressing cases through institutional procedures, including panels and sometimes viva examinations. This was described as causing “many extra hours of work”.
This example may illustrate a form of professional workload that could remain largely invisible if the impact of GenAI were assessed only through conventional productivity measures, which appears consistent with Gilbert's (2023) discussion of invisible labour and also Watermayer et al.’s (2023) argument that digital technologies may redistribute rather than eliminate academic work.
Participant 2, by contrast, approached the issue from a different perspective. Rather than concentrating primarily on detecting inappropriate AI use, the participant questioned whether traditional assessment sufficiently captured the learning process. Xia et al. (2024) echoed this concern, noting that GenAI has prompted greater consideration of assessment approaches that emphasize the learning process rather than solely the final product. The participant suggested that lecturers may assess the final product without necessarily being able to determine how the student developed it, and argued that assessment may therefore need to be reconsidered. 
The two accounts may indicate different responses to the same wider challenge. Participant 1 appeared to focus on strengthening evidence of authorship and understanding, while participant 2 appeared to question whether existing assessment structures remain appropriate in an AI-integrated educational environment. This may be significant because it suggests that GenAI could influence professional practice at a level beyond individual task efficiency. It may prompt lecturers to reconsider what they assess, how they assess it and what constitutes evidence of learning.
The theme therefore answers the research question by showing that lecturers make sense of GenAI cognitive demands through recognising changes to the validity and purpose of established practices, and navigate these demands through adapting teaching practices, assessment redesign and greater attention to the learning process.
The changing role of the lecturer
Across the three themes, professional expertise emerged as central to how lecturers made sense of and navigated GenAI-related cognitive demands. Participants recognised that GenAI could generate useful outputs, but their professional knowledge remained necessary to evaluate accuracy, relevance and appropriateness. This supports Caspari-Sadeghi et al. (2026), who argue that academic work continues to require professional judgement and critical evaluation despite technological efficiencies.
Participant 1’s experiences with translation demonstrate this relationship. Although GenAI could produce a translation quickly, the participant recognised that sufficient knowledge was needed to identify when the output was incorrect. Similarly, the participant's experiences with notebookLM demonstrated the importance of being able to recognise when an AI-generated resource lacked important teaching content.
This suggests that GenAI does not remove the importance of professional expertise but may change how it is applied. Rather than using expertise only to produce content, lecturers increasingly use it to evaluate, refine, and decide on AI-generated content. This reflects Selwyn, Ljungqvist and Sonesson (2025) and Tsoi and Breunig (2025), who identify a shift in academic work towards evaluation, refinement and contextualisation.
The findings also support Bin-Nashwan et al. (2025), who found that instructor confidence and frequency of use were associated with the effectiveness of AI-generated outputs. However, the findings from the present study suggest that confidence does not necessarily mean uncritical acceptance. Instead, expertise enables lecturers to judge when GenAI is appropriate and when human intervention is required.
The findings therefore suggest that lecturers navigate GenAI partly by deciding what to delegate to the technology and where professional expertise must remain central. This reinforces the argument that professional adaptation involves more than technological adoption (Duc, 2026).
Through the lens of Cognitive Load Theory (CLT)
Sweller’s (1988) Cognitive Load Theory provides a useful lens for interpreting the cognitive dimension of the findings. It was not used as a rigid framework for developing the themes but was applied to interpret how cognitive effort changed when lecturers used GenAI.
The findings suggest that GenAI may reduce cognitive effort during activities such as generating ideas while creating additional demands through verification and refinement. Participant 2’s need to “double, triple check” outputs illustrates this additional evaluative effort. Participant 1’s experience with NotebookLM similarly demonstrated how an incomplete AI output could create additional work.
This reflects the mixed evidence identified in the literature: Li, Ji and Zhan (2024) found lower cognitive load among student teachers using ChatGPT, while Bin-Nashwan et al. (2025) identified relationships between GenAI use, confidence and effectiveness. In contrast, Machado et al. (2025) and Li and Alias (2025) highlighted the potential for additional evaluation and monitoring demands. Kyriakea, Avgerinou and Tiligradas (2026) specifically suggest that verification, identifying inaccuracies, and refinement can increase extraneous cognitive load. 
 The findings therefore support the argument that GenAI does not have a uniform effect on cognitive workload. As suggested in the literature review, its effects likely depend on the nature of the task, the user’s expertise, the degree of human oversight, and how GenAI is integrated into professional practice.
However, additional cognitive effort is not necessarily negative. Verification may be necessary professional practice where accuracy and quality matter. Participant 1’s translation example demonstrated that subject knowledge enables the lecturer to identify inaccuracies in AI-generated content.
The findings also support criticisms of CLT. Zu, Munsell and Rebello (2021) question the consistency with which cognitive load can be measured, while Sortwell et al. (2026) and Patel and Alismail (2024) argue that CLT does not fully account for emotional, social and contextual factors.
This is relevant to the present study because participants’ decisions may have been influenced not only by cognitive effort but also by professional responsibility, academic integrity, student learning, and assessment. CLT consequently provides a useful analytical lens, but not a complete explanation of lecturers' experiences.

Recommendations 
Based on the findings and existing literature, several recommendations emerge. First, higher education institutions should provide lecturers with practical GenAI development opportunities focusing on evaluation, verification and responsible use. This is particularly important given evidence that lecturers need greater institutional support to integrate GenAI into teaching (Lee et al., 2024).
Second, professional development should emphasise the continuing importance of subject expertise and professional judgement. GenAI should support, not replace, lecturers’ responsibility for evaluating the accuracy, relevance, and appropriateness of educational content (Amigud and Pell, 2025; Muhsen and Khmas, 2025).
Third, institutions should support lecturers in reviewing assessment strategies. Research suggests that GenAI is challenging traditional assessment approaches and encouraging educators to reconsider how students demonstrate learning and skills (Bower et al., 2024; Muhammad and Ahmad, 2025).
Finally, future research should investigate lecturers’ cognitive experiences of GenAI using larger and more diverse samples. Further research should also include lecturers who do not currently use GenAI and examine how expertise, task complexity and institutional context influence decisions to use, modify, verify or reject AI-generated outputs.
Limitations
The study provides an in-depth exploration of lecturers’ experiences of GenAI. However, several limitations should be acknowledged. The most significant was the final sample of two participants, which was smaller than the intended three to five. Although small qualitative samples can provide detailed and contextually rich data, information power is influenced by the specific nature of the research question, participant characteristics, theoretical framework and quality of interview dialogue (Malterud, Siersma and Guassora, 2016). The smaller sample thus limited the breadth of perspectives and opportunities to compare experiences across different disciplines and institutional contexts. 
A further limitation was the reliance on self-reported interview data. The study explored participants’ experiences and perceptions of CLT, as cognitive demands rather than objectively measuring cognitive load. This is relevant to CLT, as cognitive demands can be influenced by prior knowledge, expertise and task characteristics (ZU, Munsell and Rebello, 2021).
The qualitative, interpretivist design means the findings should be viewed as contextual and exploratory rather than representative of the wider higher education sector. However, the use of semi-structured interviews and reflexive thematic analysis (Braun and Clarke, 2022), enabled detailed examination of the research question. Overall, while the study’s limitations restrict transferability, the methodology provided an appropriate and coherent approach for exploring an emerging area of higher education practice.
Evaluation of the research process
The research process provided an opportunity to critically evaluate the methodological decisions made throughout the study and their contribution to addressing the research question. Overall, the qualitative interpretivist approach was appropriate for exploring how higher education lecturers make sense of and navigate the cognitive demands associated with using GenAI in professional practice. The approach enabled attention to participants’ experiences, interpretations and decision-making rather than attempting to quantify cognitive load.
 One of the main challenges encountered during the research process was participant recruitment. The original intention was to recruit between three and five higher education lecturers with relevant experience using GenAI. However, recruitment proved considerably more challenging than anticipated. We approached potential participants, but difficulties securing responses and scheduling interviews around existing professional commitments and holidays resulted in a final sample of two participants. This experience highlighted the practical difficulties of recruiting busy higher education professionals and demonstrated the importance of allowing sufficient time and flexibility for recruitment in qualitative research. In retrospect, a broader recruitment strategy and an extended recruitment period may have increased participation. Nevertheless, the two interviews produced detailed accounts that provided relevant and valuable data related to the research question.   
Semi-structured interviews were appropriate because they provided enough structure to ensure consistency while allowing participants to elaborate on experiences they considered significant. The interview schedule was informed by the research question and Sweller’s Cognitive Load Theory (CLT), while the use of open-ended and probing questions enabled participants to provide examples and explanations. This approach supported the generation of rich qualitative data. The interview process also helped me develop my skills as a qualitative researcher, particularly in active listening, appropriate probing, and balancing participant-led discussion with the research objectives.
Conducting interviews online provided flexibility and accessibility for participants, but it also required careful management of technology and building rapport in a digital environment. Interviews were recorded with consent to support accurate transcription, while confidentiality, anonymisation and data management were addressed in accordance with GDPR and UWTSD requirements.
The analysis process required critical engagement with the data through reflexive thematic analysis. Initially, identifying significant codes and developing these into broader themes presented challenges. The inductive approach enabled themes to emerge from participants’ accounts, while CLT provided a theoretical lens for subsequent interpretation. Researcher reflexivity was important throughout, particularly given my existing experience in education and professional practice and its potential influence on interpretation.
The main limitation was the small sample size, which restricted the breadth of perspectives represented. The findings should therefore be considered contextual and exploratory rather than representative of the wider higher education sector. Reliance on self-reported experiences also meant the study explored perceived cognitive demands rather than objectively measuring cognitive load.
Overall, the research process was appropriate to the research question and generated meaningful qualitative data. Although participant recruitment presented an unanticipated challenge, the experience strengthened my understanding of the practical, ethical, and reflective responsibilities involved in conducting research.
Conclusion
This study explored how higher education lecturers make sense of and navigate the cognitive demands of using GenAI in their professional practice. the findings indicate that GenAI can improve efficiency and reduce effort associated with routine tasks (Buragohain, Lepcha and Singh, 2026; Lee, Lee and Yoo, 2025), but these benefits may be accompanied by additional demands associated with checking, evaluating, modifying and verifying AI-generated outputs.
Three themes were identified: efficiency and cognitive redistribution, professional judgement and trust, and adapting teaching and assessment practices. These findings support research suggesting that GenAI may redistribute rather than simply reduce academic workload (Wtermayer et al., 2023). Professional knowledge and judgement remain central to determining whether AI-generated content is accurate, appropriate and suitable for use, particularly given the potential for AI systems to produce inaccurate information (Huang et al., 2024).
The findings also demonstrated how lecturers are adapting teaching and assessment practices in response to GenAI, reflecting wider concerns regarding the ability of traditional assessment approaches to demonstrate students’ independent knowledge and skills (Bower et al., 2024).
Cognitive Load Theory provided a useful lens for understanding how GenAI may both reduce and increase cognitive demands depending on the task and level of human oversight (Machado et al., 2025; Avgerinou and Tiligadas, 2026). Overall, the study contributes to the emerging literature by focusing on lecturers’ cognitive experiences and decision-making rather than solely on GenAI adoption or efficiency.
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