





How does the integration of GenAI tools into teaching and assessment practices reshape lecturers’ workload over time, including measurable, cognitive, and ethical dimensions?






Introduction 
The rapid advancement, adoption, and uptake of generative artificial intelligence tools (GenAI), such as large language models (LLMs) and automated content generators (Granić, 2025). This has had a significant effect on teaching and assessment practices within higher education (Chiu, 2023; Ogunleye et al., 2024).  Tools such as ChatGPT, Microsoft Co-Pilot, and other AI-driven systems are increasingly being used in curriculum design, assessment creation, and feedback processes, prompting fundamental changes in academic work (Dwividi et al., 2023; Kasneci et al., 2023). While, at its inception, GenAI was framed as a mechanism for improving efficiency and reducing workload, emerging literature suggests a more complex and multifaceted transformation (Wut, Chan, and Wong, 2026). 
Research evidence highlights the scale and speed of this transformation. Studies indicate that a substantial proportion of lecturers have begun experimenting with GenAI tools in their teaching practices, often using it to streamline routine tasks and enhance efficiency (Khlaif, Hamamra, et al., 2025). For example, Jeon and Lee (2023) found that educators in language disciplines used GenAI tools to generate teaching materials and support lesson planning, reporting reduced effort in initial content development. Similarly, Zhai (2023) demonstrates that GenAI can facilitate rapid idea generation and structuring of educational content, supporting lecturers in managing time-intensive tasks (Lee and Moore, 2024). 
However, alongside these efficiencies, research also alludes to the emergence of new and evolving forms of academic labour. It is becoming more common that lecturers now have to redesign assessments to mitigate the risks associated with AI-generated student work, often changing the way that lecturers evaluate student work (Bearman et al., 2024). Studies also report increased time spent verifying AI-generated outputs and monitoring students' use of GenAI tools, suggesting that workload is not necessarily reduced but rather transformed (Abbas et al., 2024). These findings show that GenAI introduces both opportunities and challenges, reshaping not only what lecturers do but also how they think and make decisions in their professional practice.
The rapid integration of GenAI into higher education raises critical questions about its impact on lecturers’ workload. While initial studies emphasised efficiency gains and workload reduction (Watermeyer et al., 2023). The emerging literature, however, suggests a more complex and contradictory picture, with studies indicating that while certain tasks may become more efficient, new responsibilities such as assessment redesign, ethical oversight, and the development of AI-related competencies may offset or exceed these gains (Sulisworo and Ofluoglu, 2025).
Despite the gain in knowledge of GenAI's impact on workload, existing research remains fragmented (Ratum, 2025). It often focuses on isolated aspects of workload, such as assessment or academic integrity, without considering the broader, interconnected nature of academic labour (Tsoi and Breunig, 2025). Furthermore, workload is frequently conceptualised in quantitative terms, emphasising time spent on tasks while overlooking the cognitive and ethical dimensions that are increasingly central to academic work in GenAI environments (Holmes et al., 2021). This narrow framing limits the ability to understand how GenAI reshapes lecturers’ experiences and responsibilities fully.
There is, therefore, a clear need for a more critically informed examination of workload transformation that integrates multiple dimensions of academic labour (Marques, Lopes and Magalhães, 2024). Following this approach is important not only for advancing theoretical understanding but also for informing institutional policy and practice. As higher education settings continue to adopt AI technologies, there is an urgent need to ensure that workload models, professional development strategies, and governance frameworks reflect the realities of AI-enabled teaching and assessment (Francis, Jones and Smith, 2025).
In response to these challenges, this literature review adopts a multi-dimensional concept of workload, recognising that the impact of GenAI moves beyond measurable tasks to include cognitive and ethical forms of labour. The review focuses on lecturers in higher education, examining how the integration of GenAI tools into teaching and assessment reshapes workload across three interrelated dimensions.
The first dimension considers measurable workload, focusing on how GenAI influences the distribution, intensity, and visibility of tasks. This includes both potential efficiencies and the emergence of new forms of labour, such as assessment redesign and AI monitoring. The second dimension addresses cognitive workload, exploring how GenAI affects mental processes, including cognitive load, decision making, and the balance between augmentation and potential deskilling. The third dimension examines ethical workload, highlighting the expanding responsibilities associated with academic integrity, fairness, bias, and governance. 
This literature review, therefore, seeks to explore how integration of GenAI tools into teaching and assessment reshapes lecturers' workload in higher education, with particular attention to the measurable, cognitive, and ethical dimensions. By synthesising current research across these areas, the review aims to provide a comprehensive understanding of the opportunities and challenges associated with GenAI adoption. The research question, therefore, is ‘how the integration of GenAI tools reshapes lecturers’ workload over time, including measurable, cognitive, and ethical dimensions’.


Key search terms and process of the literature review
The review process took a five-stage approach, which started with an initial search of databases using the key terms that were relevant to the research question, and building on the literature that had been gathered in previous assessments, the initial key terms used were:
‘generative artificial intelligence’, ‘GenAI’, ‘Large language models’, ‘higher education’, ‘university’, ‘lecturers’, ‘teaching’, ‘assessment’, and ‘feedback’. 
Other key search terms used for individual themes were:
Workload-related: ‘workload’, ‘academic workload’, workload intensification’, ‘task distribution’, and ‘labour’.
Cognitive dimension terms: ‘cognitive load’, ‘cognitive workload’, ‘human AI collaboration’, cognitive offloading’, ‘bias’, and ‘deskilling’.
Ethical dimension terms: ‘academic integrity’, ‘AI ethics’, ‘bias’, ‘AI governance’ and ‘ethical workload’.
A further combination of these search terms was conducted. The databases used to ensure coverage of peer-reviewed and high-quality sources were:
Scopus, Web of Science, Google Scholar, and ERIC (Education Resource Information Centre).
Stage 2: Relevant studies were shortlisted based on the inclusion criteria, which were studies that were published between 2018 and 2026 to capture the most recent AI developments. Studies that focused on higher education institutions, studies that addressed GenAI, AI in education, or related technologies, also studies that had empirical data (qualitative, quantitative, or mixed methods) or key theoretical frameworks, and finally, peer-reviewed articles. It is important to note that paper citations were not taken into consideration for all literature, as this is an emerging concept.
The literature that was excluded was literature that only focused on primary or secondary education, non-academic sources, and sources without clear methodologies, articles not available in English, and studies focusing on AI without relevance to teaching, assessment or workload.
Stage 3: The selected studies were evaluated for methodological rigour, relevance to the research question, and the contribution to empirical or theoretical understanding. Greater relevance was given to empirical studies.
Stage 4: The literature was analysed using a thematic approach, with studies grouped into three key themes. These themes have been gathered through previous research of literature on Generative AI in higher education. Theme 1 is measurable workload (task reduction, redistribution and intensification). Theme 2 is cognitive workload (load, collaboration, deskilling). Theme 3 is ethical workload (integrity, governance, responsibility). Using this process helped to identify patterns, contradictions, and gaps in the literature.
Stage 5: synthesising the findings across studies to develop a critical understanding of how GenAI reshapes workload. Attention was given to comparing empirical findings, identifying inconsistencies or limitations, and highlighting gaps for future research.
Key definitions:
Generative artificial intelligence (GenAI): GenAI refers to a class of artificial intelligence systems capable of producing new content, such as text, images, or code, based on patterns learned from large databases that mimic human-like responses (Martín, 2024).
Academic workload: academic workload is a multidimensional construct encompassing the total range of tasks and responsibilities undertaken by lecturers, including teaching, assessment, research, and administrative duties (Smith, 2021).
Measurable workload: in the realm of GenAI, this refers to the observable and quantifiable aspects of academic labour, typically in the form of time, task frequency, or output (Bearman et al., 2024).
Cognitive workload: in relation to GenAI, the definition changes from content creation to evaluation and oversight of AI-generated outputs (Holmes et al., 2022).
Ethical workload: refers to the additional labour associated with ethical decision-making and responsibility. In the context of GenAI, lecturers increasingly take on roles related to governance and ethical oversight (Eaton, 2023).


Theme 1: Workload reduction, redistribution, and intensification (Measurable)
The impact of GenAI tools on lecturers' workloads remains an evolving concept. Currently, the literature on GenAI in higher education posits a nuanced and increasingly convergent view that its impact on lecturers’ workload is not a reduction but a redistribution and intensification of measurable labour (Chase and Galvin, 2026). Early narratives positioned GenAI as a productivity-enhancing tool (Meli, Taouki and Pantazatos, 2024). More recent empirical studies emphasise the complexity of its effects across teaching and assessment.
Consistent findings across the literature is that GenAI enables automation of routine and time-intensive tasks, including the generation of teaching materials, assessment items, and formative feedback (Kasneci et al., 2023). For example, a study of lecturers’  use of GenAI tools to improve their teaching proficiency showed that (50%) of lecturers who used ChatGPT had increased proficiency in teaching and learning, lowering workload (Alshraah et al., 2024). This was also shown, for instance, in a large-scale study on lecturers’ use of GenAI for assessment and feedback, showing that because the Feedback was detailed and immediate, improvements in learning outcomes were shown, with there also being a reduction in workload for educators (Khlaif et al., 2024).
However, this efficiency-oriented perspective is increasingly challenged by evidence that GenAI introduces new forms of labor. Some studies refer to this redistribution of labor, such as Selwyn et al. (2025), who conducted qualitative interviews with 57 teachers in two countries. They found that, although GenAI saved time on creating teaching materials, it required more time for repairing, completely changing, and reviewing the outputs generated by GenAI. This was supported by another study by Chi-hang Tsoi et al. (2025), which reviewed empirical studies showing that lecturers developed new roles when using GenAI, such as strategic mentor, ethical gatekeeper, and quality controller. These recent studies demonstrate the evolving nature of GenAI and that it is not as simple as just reducing workload. 
Despite important insights in the current literature on GenAI and academic workload, there remain limitations that hinder the understanding of the measurable impact that GenAI can have on academic workload. Firstly, much of the current literature relies on theoretical discussion and small-scale qualitative studies (Athanassopoulos et al., 2026). While the current contributions are valuable for identifying emerging trends, there is still a lack of empirical data that quantitatively measures workload reduction over time, or comparative analysis (Figueiredo and Schonewille, 2025; Lee et al., 2025). 
Secondly, there is limited attention to how the workload is affected across different academic disciplines, especially those that utilise written assessments and those that require practical-based performance (Salome Maro et al., 2025; Lars Mehnen et al., 2024). However, much of the existing literature tends to generalise higher education in the context of GenAI, which can potentially obscure important contextual differences.
Thirdly, the literature tends to focus more on how GenAI is adopted in the initial stages, which captures only early reactions and short-term adjustments, rather than the possible long-term changes to the lecturer workload (Cordero, Torres-Zambrano and Cordero-Castillo, 2024; Krause, Dalvi and Zaidi, 2025). As institutions navigate and implement more stable policy and lecturers become more familiar with the uses of GenAI in their teaching practices, the nature of the workload may shift further (Corbin and Walton, 2025). In the literature, there is a growing need for research to examine the long-term implications of GenAI integration, including whether initial workload increases are offset by later efficiencies or whether intensification persists over time.
A recurrent limitation in the literature is the lack of standardised workload measures; a systematic review of 355 papers by Ogunleye et al. (2024) highlights the need for more standardised workload measures to enable comparative findings across contexts and academic disciplines. Additionally, forms of invisible labour, such as monitoring academic integrity or learning new technologies, are not often captured within formal workload models (Willet and He, 2024; Papadopoulos, 2017). Future research should aim to develop more standardised frameworks that incorporate both visible and invisible forms of labour to measure academic workload.
Finally, there are only a small number of studies that look at the interaction between institutional policy and workload outcomes. While some literature acknowledges that governance and compliance requirements contribute to workload intensification (Lennie, 2020). There are, however, insufficient analyses of how different institutional approaches may mitigate or exacerbate these effects. Comparative studies examining policy implementation across universities could provide valuable insights into how workload can be more effectively managed in AI-enabled educational environments.
In light of these limitations, future research must adopt a more empirically grounded approach to help understand how workload is affected in the context of GenAI. This includes utilising mixed-methods approaches, examining disciplinary and institutional variation, and capturing the longitudinal effects on academic workload. Adopting these ideas for future research is important for informing policy and practice, ensuring that the integration of GenAI tools is utilised in a way that promotes sustainable academic workloads.
 
Theme 2: Cognitive load, deskilling, and human-AI collaboration (cognitive)
The integration of GenAI through literature has shown that it has implications for the cognitive dimensions of lecturers' workload, fundamentally reshaping how intellectual labour is distributed, enacted, and experienced (Zaim et al., 2026). While at the inception of GenAI, it was regarded as a way of reducing cognitive burden through automation, the literature, however, presents a more complex and critical picture (Sinha et al., 2024). Rather than simply alleviating cognitive effort, GenAI appears to reconfigure cognitive work, shifting it from content production towards evaluation, judgment, and management (Kasneci et al., 2023). This reflects a broader transformation in academic labour, where efficiency gains are offset by increased cognitive complexity.
A recurring theme in the literature highlights the potential for GenAI to reduce cognitive load associated with routine academic tasks (Hong, 2025). Studies indicate that lecturers' use of AI tools to support lesson planning, feedback generation, and administrative tasks reported a perceived reduction in mental effort and time spent on repetitive processes (Chan and Tsi, 2024). For instance, findings from Li, Ji and Zhan (2024) demonstrate that educators using ChatGPT for instructional preparation experienced increased efficiency in idea generation and structuring content. Similarly, Jeon and Lee (2023), in a study of language education, found that lecturers reported reduced cognitive strain when using GenAI to generate teaching materials, particularly in early-stage content development.
However, this reduction in cognitive load does not come without its problems and is not seen across all literature. A growing body of literature demonstrates that GenAI introduces new forms of cognitive demand, particularly related to verification and critical evaluation (Tankelevitch et al., 2024; Guan, 2026). Studies consistently show that AI-generated outputs require scrutiny due to risks of bias and inaccuracy (Lim et al., 2023). A study conducted by Guo and Zaini (2024) found that academics using AI tools spent significantly more time reviewing and editing outputs, often describing this process as cognitively demanding due to the need for continuous judgment and domain-specific expertise. Similarly, Lo (2023) reports that lecturers engaging with AI-generated student work experienced increased cognitive effort in distinguishing between authentic and AI-assisted submissions.
The framework of human-AI collaboration is central to understanding these dynamics. Studies infer that lecturers are not passive users of GenAI but active collaborators, engaging in processes of prompting, reviewing, and refining outputs (Kaesneci et al., 2023). For example, Mollick and Mollick (2024) found that educators who used AI as an aid reported enhanced creativity and idea exploration. Similarly, Xu et al (2025) highlight that AI-supported co-creation can expand cognitive possibilities, particularly in brainstorming and content diversification.
However, the literature also identifies the significant risks associated with cognitive offloading and automation bias (Ziab, 2026; Nguyen, 2023). Experimental studies provide evidence that reliance on GenAI tools may reduce engagement in deep cognitive processing. For example, Abbas (2024) found that users of GenAI tools were more likely to accept generated outputs without critical evaluation, particularly when they are under time pressure. Yunus et al (2025) similarly identify a tendency towards metacognitive laziness, where individuals defer cognitive effort to GenAI systems. These findings are consistent with broader research on automation bias (Romeo and Conti, 2025) which demonstrates that users often over-trust machine outputs, even when errors are present.
A further concern is the potential for deskilling, particularly in relation to core academic competencies (Grigoryan, Badalyan and Grigoryan, 2025). Studies suggest that frequent reliance on GenAI tools may reduce opportunities for practising writing, critical analysis, and synthesis (Lim et al., 2023). For example, McIntosh et al (2025) indicate that AI-generated text can replicate key features of scholarly writing, raising concerns about the long-term development of academic skills. However, the evidence remains mixed, with some studies arguing that GenAI may instead promote the development of new cognitive awareness (Mollick and Mollick, 2023). This tension highlights the need for a deeper investigation into the cognitive transformation that occurs when using GenAI.
Further to this, there is growing evidence that the cognitive impact of GenAI is dependent on AI literacy and patterns of use. Studies indicate that lecturers who are more familiar with GenAI tools and critical awareness are more likely to actively engage with outputs, thereby mitigating risks of cognitive offloading (Chan and Tsi, 2024). On the other hand, less experienced users may rely more heavily on AI outputs, increasing the risk of reduced cognitive engagement (Georgiou, 2025). This suggests that cognitive outcomes are shaped not only by the technology itself but by user capability, training, and pedagogical approach.
The growing literature reveals that cognitive workload is dynamic rather than static. Initial use of GenAI tools often involves experimentation and learning, which can increase cognitive demand (Tankelevitch et al., 2024). It may become clear over time, as familiarity develops, certain processes may become more efficient. However, ongoing technological advancements and evolving institutional expectations mean that lecturers must engage in continuous cognitive adaptation (Dwivedi et al., 2023).
The literature demonstrates that GenAI fundamentally reshapes the cognitive dimension of lecturers’ workload through a process of redistribution and increasing complexity. While it offers opportunities for enhanced efficiency, creativity and collaboration, it also introduces risks related to cognitive offloading, bias, and potential deskilling. Importantly, the cognitive impact of GenAI is not fixed but is shaped by patterns of use, levels of AI literacy, and institutional context. 
Despite the growing body of literature on cognitive workload, notable limitations remain. Firstly, a key issue is the reliance on self-reported data, with many studies capturing perceptions rather than actual cognitive processes. For example, Chan and Tsi (2024) report perceived reductions in cognitive effort, while Jeon and Lee (2023) highlight efficiency gains, yet neither directly measures cognitive load. This raises concerns about response bias and overestimation of benefits.
Secondly, there is a lack of longitudinal and experimental research. Abbas et al (2024) suggest that GenAI use may influence cognitive engagement, there is limited higher education-specific evidence examining long-term effects. Yunus et al (2025) identifies ‘metacognitive laziness,’ but this remains underexplored. Consequently, it is unclear whether GenAI leads to lasting deskilling or adaptive reskilling.
Another limitation is the lack of validated cognitive measurement tools. Although studies often refer to cognitive load theory (Sweller, 1988; Kasneci et al., 2023). Few studies utilise established instruments to quantify it. For instance, Lo (2023) identifies increased cognitive effort in evaluating GenAI outputs but provides no empirical metrics, limiting the reliability and comparability of the findings.
Furthermore, research into the human-AI collaboration remains empirically underdeveloped. Studies such as Mollick and Mollick (2023) highlight GenAI as a thinking partner but provide limited findings on how cognitive processes are distributed in practice. Similarly, cognitive offloading and bias are underexplored in the context of higher education. For example, Abbas et al (2024) show users may accept GenAI outputs at face value; lecturer-specific evidence on this remains limited.
Overall, the literature is constrained by short term, disjointed approaches (Dwivedi et al., 2023). Addressing these gaps requires more robust, longitudinal, and interdisciplinary research to fully understand how GenAI reshapes cognitive workload.
Theme 3: Ethical, regulatory, and assessment integrity challenges (ethical)
The ethical dimension of lecturers’ workload in the context of GenAI is becoming increasingly researched, showing that ethical challenges are not only conceptual but are actively reshaping day-to-day academic practice. Across studies, there is growing evidence that lecturers' labour is increasing with greater attention needed for academic integrity, assessment redesign, verification processes, and ethical decision-making, which can potentially intensify workload.
A significant amount of literature emphasizes the disruption of assessment validity and integrity. This was shown in a survey-based study by Cotton et al. (2023), which found that a significant proportion of academics reported increased concern and time investment in preventing GenAI misconduct, with there being the growing need to redesign assessments to reduce opportunities for misuse. This is similar to the Roe, Perkins and Furze (2025) who provide evidence that lecturers are adopting more labour-intensive assessment strategies, including staged submissions and oral defences, to ensure authenticity. These findings are reinforced by Bearman et al. (2024), whose study covering multiple institutions demonstrates that assessment redesign is not a one-off adjustment but an ongoing incremental process, requiring continuous monitoring and refinement as GenAI capabilities evolve.
There is a growing burden emerging from the literature associated with detecting and verifying GenAI content. While GenAI detection tools are often seen as the solution to mitigate student use of GenAI, research consistently demonstrates their limitations. For example, Perkins (2026) reports that detection systems may produce inaccurate results, leading lecturers to heavily rely on manual judgment. Abbas (2025) further showed that academics spend increasing time cross-checking sources and conducting follow-up discussions with students, effectively taking on an investigative role. The shift to closer monitoring of assessments represents an elevated workload, particularly as it involves high-stakes decision-making with potential implications for student outcomes.
Looking beyond integrity concerns, research highlights the ethical challenges associated with bias, misinformation, and reliability in GenAI outputs. Studies that have investigated large language models (LLMs) show that they can create believable outputs, but can be biased or inaccurate, requiring careful human oversight (Qin, 2026; Delikoura, Fung and Hui, 2025). In respect of this, there is the potential for additional workload, whereby lecturers will need to verify GenAI-created teaching materials before use. For example, Selwyn et al (2025) documented cases where educators reported spending considerable time cross-checking AI outputs to ensure faculty accuracy. Similarly, Qodri et al (2025) inferred that lecturers expressed concern about the ethical implications of displaying biased or incorrect information, leading to lecturers becoming more cautious while using GenAI tools.
The current literature also provides evidence of the ethical workload associated with student guidance and policy implementation. Studies indicate that lecturers are increasingly required to educate students on appropriate GenAI use, including issues of transparency and academic honesty (Krause, Dalvi and Zaidi, 2025). This involves not only the development of guidance materials but also ongoing communication and clarification, particularly in contexts where institutional policies are still evolving. Kohnke, Moorhouse and Zou (2023) showed that in many cases, lecturers report uncertainty about how to interpret and enforce policy on GenAI, contributing to increased decision-making burden and inconsistency in practice.
Furthermore, there are noted issues around equity and access, which further contribute to ethical workload. Studies show variation in students' ability to use GenAI tools effectively. Hodøl, Kjærgård and Økland (2025) noted that uneven learning conditions can be created when there are differences in access to GenAI tools and digital literacy, which requires lecturers to adapt teaching and assessment practices to maintain fairness. This was maintained by Vesna (2025) infer that these disparities may be getting greater as GenAI tools become more sophisticated, placing greater responsibility on lecturers to design inclusive assessments and provide differentiated support. However, some research, such as Hussein et al (2025) who showed in their study of 225 participants that GenAI tools do not show greater digital literacy, and the accessibility of GenAI tools does not reduce digital inequalities.
Literature also shows that ethical workload is not only shaped by the presence of GenAI but also by the institutional and systemic factors. For example, Rana et al (2024) show that universities are introducing GenAI policies, but while these are an important step forward, they often lack clarity or practical guidance, leaving lecturers to interpret and implement them independently. This can create a mismatch between institutional expectations and the available support, effectively transferring the burden of ethical governance onto individual lecturers. Similarly, Abbas et al (2024) highlight that lecturers frequently experience a lack of role clarity, balancing responsibilities as educators, regulators, and ethical gatekeepers without clear boundaries or recognition.
Although the ethical implications of GenAI in higher education are widely recognised, the literature that is currently present on ethical workload remains underdeveloped in several key areas. Firstly, a significant proportion of the literature focuses on normative and ethical principles, frameworks, and guidelines rather than how these challenges manifest in practice (UNESCO, 2023; García-López and Trujillo-Liñán, 2025). Although this work is essential for establishing standards, it provides limited insight into the lived experiences of lecturers and the practical realities of managing ethical issues in teaching and assessment.
Secondly, existing research is often not context-specific, with limited cross-institutional or cross-cultural comparison. For example, studies on academic integrity (Cotton, Cotton and Shipway, 2023) are typically conducted within specific institutional contexts, making it difficult to generalise findings. There is a lack of large-scale studies examining how ethical workload varies across different higher education institution systems and regulatory environments.
Another limitation is the absence of standardised metrics for ethical workload. While studies consistently report increased time spent on tasks such as verifying student work and redesigning assessments, these are rarely quantified systematically (Chakraborty et al., 2025). This limits the ability to compare findings and integrate ethical workload into broader workload models.
The literature also tends to prioritise academic integrity as the dominant ethical concern, often at the expense of other issues such as bias, equity, and data governance. Although studies such as Lim et al (2023) highlight these issues, they are less frequently examined through empirical research, resulting in an incomplete understanding of ethical workload.
Furthermore, there is limited research on how institutional policies and support mechanisms influence ethical workload. While Kohnke (2023) highlights gaps in support, there is little research evaluating the effectiveness of governance approaches.
Future research, therefore, should focus on large-scale, longitudinal, and comparative studies, alongside the development of frameworks for measuring ethical workload and evaluating institutional interventions.

Summary 
The literature indicates that the integration of GenAI into higher education has had a substantial effect on lecturers' workload across three interconnected dimensions, measurable, cognitive, and ethical. From a measurable perspective, GenAI introduces a contradictory idea of workload, whereby the tasks that GenAI can help reduce workload, such as content creation and feedback, are offset by new forms of labour, including assessment redesign, tool adoption, and academic integrity monitoring (Lee and Moore, 2024). As a result, the workload is redistributed and can sometimes be intensified rather than reduced.
Cognitively, GenAI can be multifaceted it can both pose a potential risk and a cognitive aid. While it can aid in reducing cognitive load and support higher-order tasks through a human-AI collaboration, it also raises concerns about cognitive offloading, deskilling, and over-reliance (Atchley et al., 2024). There is a shift in the roles that lecturers play when GenAI is introduced into teaching, from knowledge producers to evaluators and curators, increasing the complexity of cognitive work rather than eliminating it.
Ethically, GenAI increases the workload in terms of governance, responsibility, and risk management (Figueiredo and Schonewille, 2025). Lecturers must address issues of academic integrity, bias, transparency, and equity, often without institutional support (Al-Hajaya, 2025). This creates an additional layer of ethical workload linked to maintaining standards in AI- mediated environments.
Overall, the outlined literature demonstrates that GenAI transforms academic work by increasing complexity across multiple dimensions, highlighting the need for more empirically grounded approaches to understand the effects on workload in higher education.

Conclusion
This literature review has examined how the integration of GenAI into teaching and assessment has reshaped the landscape of lecturers’ workload in higher education. This has been examined through the lens of measurable, cognitive, and ethical dimensions. Taken together, the evidence demonstrates that GenAI does not simply reduce the workload of lecturers, it shows instead a reconfiguration and in some cases, intensifies academic labour. This challenges some narratives that claim that GenAI can create efficiency (Chan and HU, 2023; Abbas et al., 2024) 
Across the measurable dimension, the literature highlights that there is a redistribution of workload rather than a reduction, this is shown where time is saved through automation of tasks, which is subsequently offset by new demands such as assessment redesign, AI tool adoption, and academic integrity monitoring (Roe, Perkins and Furze, 2025). Empirical studies' findings show that lecturers have reported increases in time spent on modifying assessments and evaluating student work to check for GenAI use (Bearman et al., 2023). This supports the notion of a workload paradox, in which technology efficiencies generate more layers of complexity rather than alleviating pressure (Abhay, 2025). It is important to note that much of this labour remains invisible or unaccounted for in formal workload models (Chan and Tsi, 2025).
From a cognitive perspective, empirical studies indicate that while GenAI can support cognitive efficiency and task completion, there is also a risk of cognitive offloading and reduced critical engagement (Yunus et al., 2026). Survey and experimental research show that overreliance on GenAI tools can lower deeper learning processes when outputs are accepted uncritically (Lim et al., 2023). At the same time, there are reports of increased cognitive demands associated with evaluating AI outputs and integrating them into teaching, suggesting a shift towards more complex forms of cognitive labour (Chan and Tsi, 2024).
The ethical dimension creates further responsibilities for lecturers, with it being documented that there is an increased workload related to academic integrity, governance, and fairness (Cotton et al., 2023). Evidence shows that lecturers are spending more time verifying student work, addressing AI misuse, and ensuring equitable assessment practices (Chan and Hu, 2023). Additionally, research highlights concerns about bias and inaccuracies in GenAI outputs, requiring lecturers to engage in ongoing verification and quality assurance (Lim et al., 2023).
Despite these insights, the literature remains limited by small-scale studies, short-term analyses, and a lack of standardised workload measures. Future research should adopt longitudinal and mixed-methods approaches to better capture how workload evolves over time and across contexts (Kasneci et al., 2023).
Finally, empirical evidence suggests that GenAI does not represent a reduction in academic workload, but a transformation towards more complex, adaptive, and ethically embedded forms of labour. Understanding this shift is essential for informing institutional policy and ensuring the sustainable integration of AI in higher education.
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