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Abstract
Purpose – The increasing adoption and use of artificial intelligence (AI) is transforming how academics 
perform core activities, ranging from research to teaching and academic services. This paper empirically 
examines this phenomenon and its implications through a sociotechnical systems lens, analyzing changes in 
core activities and the multilevel factors that shape them.
Design/methodology/approach – This study adopts a qualitative design, employing a Podcast analysis. Based 
on 66 publicly available podcast episodes, we explore changes in academic knowledge work and examine the 
factors shaping them.
Findings – The findings show that the use of AI is changing academic work in ways that go beyond altering day-
to-day activities. By interpreting the results with sociotechnical systems theory, this research identifies factors 
and emerging tensions at the individual, technology, organization and societal levels that together shape how AI 
changes academia.
Originality/value – Analyzing these sociotechnical factors, we introduce the academic AI-transformation 
framework (AAITF), offering a novel lens for understanding the consequences of AI for academics. Building on 
existing research, this study goes beyond the focus on single activities or levels of analysis, offering a more 
holistic understanding of how academic work is changing with AI.
Keywords Artificial intelligence, AI, Academia, Sociotechnical systems, Podcast
Paper type Research article

1. Introduction
Artificial intelligence (AI), such as both machine learning and large language models (LLMs) 
like GPT, is reshaping how work is conducted in higher education (HE) (Huang et al., 2025; 
OECD, 2026). Academics, universities and research institutions are increasingly integrating AI 
tools into scholarly workflows. Early studies indicate a rising adoption rate: one survey found 
that 22% of researchers were using AI tools like ChatGPT (Owens, 2023), while another global 
study reported a 44% adoption rate among 5,000 researchers (Hrycyshyn and Eassom, 2025). 

The rapid development of AI and its growing adoption in HE have profound implications 
for the future of academic work. Indeed, AI systems are already reported to assist in various 
aspects of scientific writing and manuscript preparation (Kwon, 2025), including editing and 
proofreading, drafting abstracts (Gao et al., 2023), compiling literature reviews (Kacena et al., 
2024), supporting coding tasks (Bucaioni et al., 2024), conducting statistical analyses (Huang 
et al., 2025), generating research ideas, formulating hypotheses (Winn, 2024) or identifying 
research topics (Rashidov, 2024). In teaching, AI is used for content generation, providing
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feedback, instructional design (Tan et al., 2025) and to support student learning (Chang et al., 
2022; Pillai et al., 2024). Meanwhile, its adoption simultaneously raises critical concerns 
about ethics, academic integrity and knowledge acquisition, critical thinking and learning 
(Izak et al., 2025; Kwon, 2025), and about increasing digital divides and unequal access to 
technology (Dwivedi et al., 2023; Miao and Holmes, 2023). In response, supranational 
institutions such as UNESCO and OECD have recently developed practical guidance on the 
ethical adoption of AI in educational contexts (Miao and Cukurova, 2024; Miao and Holmes, 
2023; OECD, 2026).

Although research on AI’s consequences for education has swiftly developed (e.g. 
Miao and Holmes, 2023; Strzelecki et al., 2024; Wang et al., 2024; Zawacki-Richter et al., 
2019), current knowledge is mostly available on the adoption of AI, its use cases, 
technical AI systems or direct human–AI interactions. Thus, the broader impact of these 
technologies on the work and tasks of academics remains largely unexplored, which is an 
important omission as academics are key actors for accessing, creating, disseminating and 
deploying knowledge and therefore central to understanding how AI shapes 
knowledge work.

A few exceptions exist, such as the recently published framework on changes in 
academic knowledge work (Renkema and Tursunbayeva, 2024), or studies from a special 
issue on generative AI (GenAI) in HE (O’Dea, 2024). However, the questions of how AI 
use will change academic work and what shapes these (potential) changes remain 
unanswered. Moreover, existing studies have explored the impact on specific academic 
activities (such as research or teaching) or the barriers to such activities in isolation (Al-
Bukhrani et al., 2025), leaving the interplay between individual work (design), 
organizational complexities and societal developments unexplored and undertheorized. 
As a result, existing accounts struggle to explain how and why AI-transformation take 
place in academia.

This paper addresses these gaps by examining how AI shapes academics’ work, 
exploring the key drivers and barriers and introducing the academic AI-transformation 
framework (AAITF) – a conceptual framework drawing on systems thinking and socio-
technical systems theory (STS). First, systems thinking informs our multilevel approach 
(Klein and Kozlowski, 2000), enabling us to explore how factors at different levels 
influence one another through feedback loops and dynamic interactions. Then, STS theory 
informs our framework by emphasizing the interdependent relationship between social and 
technical components (Pasmore et al., 2019; Trist and Bamforth, 1951), shaping the use and 
consequences of AI within HE institutions’ environments. Together, these theories capture 
the complex interplay among organizational design (social), emerging technologies 
(technical) and evolving academic work, offering a comprehensive understanding of how 
and why AI transforms teaching, research and academic services and informing strategies 
for effective integration of AI in academia. Through the development of the AAITF 
framework, this study contributes to the HE, knowledge work and AI-transformation 
literature by integrating STS theory with work design principles, and offering novel 
empirical insights into how a combination of top-down and bottom-up processes shapes AI-
driven transformation of academic work. In doing so, we respond to calls for attention to 
multilevel sociotechnical factors that can jointly shape its use in HE (Renkema and 
Tursunbayeva, 2024), while also offering actionable guidance for practitioners. These 
insights can help academic institutions design STS and organizational change initiatives to 
respond to rapid advances in AI.

To uncover AI’s implications for academics and align with recent calls for the use of novel 
data sources and digital methods in AI research (Orlikowski and Scott, 2023), we adopt an 
innovative research approach. Specifically, we employ a qualitative research design centered 
on podcast analysis (Kulkov et al., 2024), systematically examining 66 episodes about AI in 
HE. This approach enables us to examine potential trajectories and factors of influence, as 
currently discussed by leading experts in the field.
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2. Theoretical background
2.1 AI and work design in academia
AI is often defined as “the frontier of computational advancements that references human 
intelligence in addressing ever more complex decision-making problems” (Berente et al., 
2021, p. 1435). With the increasing integration of AI, human work in HE remains 
indispensable. Because it is not entire jobs but rather discrete tasks that are most susceptible to 
automation, academic work will likely involve intense interaction between humans and AI 
(Bechky and Davis, 2025; Parker and Grote, 2022a). In this evolving landscape, it becomes 
essential to incorporate work design considerations when assessing the potential effects and 
outcomes of AI in HE, for example, in terms of the quality of academic work, the level of 
autonomy, social relations, but also its implications on knowledge, feedback and learning 
(Parker and Grote, 2022a). Work design is related to the content of a job, in terms of work tasks, 
activities, relationships and responsibilities (Parker, 2014). While existing studies have helped 
to better understand current changes in academic work design (Barros et al., 2023; Renkema 
and Tursunbayeva, 2024), they are less suitable for understanding how and why academic 
work is changing. Proactive design approaches are needed not only to navigate these shifts but 
also to intentionally shape the future of academic work. This requires a deep contextual 
understanding to ensure that technology is appropriately integrated within existing workflows 
and academic environments (Parker and Grote, 2022a). A focus on the individual-level 
changes is useful to study the implications of AI, but misses the fact that AI technologies shape 
and are shaped by the social context in which they are used. Moreover, this social context is 
important because academic work is deeply embedded in institutional settings that configure 
what AI tools get adopted and used.

This perspective aligns with STS principles, which provide a compelling lens for analyzing 
the interplay of social and technical elements in HE (Appelbaum, 1997). For instance, 
technological factors (e.g. system transparency) and societal dynamics (e.g. regulation, 
cultural readiness) have already been noted to jointly produce different scenarios for AI’s 
impact on academic professions (Grimes et al., 2023).

2.2 Sociotechnical systems theory (STS)
STS theory was developed within the 1950s British coal mining industrial context (Trist and 
Bamforth, 1951). It was intended to recognize the “ways in which the behaviours of human 
actors affect the operation of technology” (Pasmore et al., 2019, p. 67). STS emphasizes that 
technological success depends on its integration with the social system, including the 
knowledge, values and well-being of workers (Bentley et al., 2016). In other words, STS states 
that social and technical systems are interrelated (Trist and Bamforth, 1951) – and thereby helps 
to understand how people interrelate with technologies such as AI (Makarius et al., 2020).

Building on STS theory, Pasmore et al. (2019) proposed a more dynamic framework for STS 
design, aiming to develop organizations into agile, networked systems that leverage advanced 
digital technologies. They connected STS and organizational change and called for attention to 
the role of STS in organizational changes. Their framework includes three levels of design 
work: (1) work design, (2) operational design and (3) strategic design. These levels collectively 
strive to balance the technical, social and ecosystem systems, as well as the organization itself.

In terms of technical systems, AI technologies now encompass a wide and rapidly growing 
ecosystem, including general-purpose technologies such as LLMs (ChatGPT, Claude, 
Copilot) and AI-assisted research tools such as Consensus, Scite, Elicit, Research Rabbit. The 
social system involves leadership and culture (norms, values, identities), whereby the use of AI 
is changing how academics view their job (Bearman et al., 2022). At the level of ecosystems, 
supranational organizations such as the OECD, UNESCO and the European Union have 
developed frameworks that recommend and shape how AI is used in the HE context (Miao and 
Cukurova, 2024; Miao and Holmes, 2023; OECD, 2026). By prioritizing balance and 
dynamism between these technical, social and environmental components, the future-focused
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STS proposed by Pasmore et al. (2019) provides a suitable foundation for understanding and 
theorizing how a novel and dynamic technology such as AI can be designed and implemented 
in HE with respect to human agency and collaboration, as well as organizational norms and 
practices. Accordingly, this paper applies STS theory as a guiding lens to explore the interplay 
among the work design, operating design and strategic design (Pasmore et al., 2019), which 
will be discussed next.

2.3 AI and academic work (design)
Because this research set out to study how AI shapes academic work, we first consider the work 
design level (Pasmore et al., 2019), where specific tasks, roles, processes and expertise 
required to carry out core academic functions are defined (Renkema and Tursunbayeva, 2024). 
In the case of HE, these revolve around teaching, research and service activities (Rapert et al., 
2002), described below, all of which are increasingly affected by AI (Barros et al., 2023; 
Bechky and Davis, 2025; Peres et al., 2023).

2.3.1 AI and teaching activities. AI is transforming academic teaching by automating 
administrative tasks, personalizing learning and expanding the time and place of education 
(Barros et al., 2023). It supports teachers through automated grading and content creation, 
providing learning insights and enabling personalized tutoring (O’Dea, 2024). AI-powered 
virtual classrooms and global platforms facilitate remote education, though reliance on these 
tools may require rethinking traditional assessments.

Additionally, AI enables time-independent learning through recorded lectures, chatbots 
(Crawford et al., 2024) and automated feedback, helping students learn at their own pace while 
allowing teachers to manage workloads more efficiently and engage students more effectively 
(Huang et al., 2025). While AI enhances teaching, it also raises concerns about academic 
integrity (Waqas et al., 2025), pedagogy and the evolving role of educators. The increasing use 
of AI requires teachers to develop new pedagogical approaches, for example, changing from 
providing educational content to designing learning experiences (e.g. Deveci et al., 2025), and 
warrants specific professional development of teachers as AI is being integrated in educational 
settings (Tan et al., 2025).

2.3.2 AI and research activities. AI is reshaping research by automating tasks, generating 
insights (O’Dea, 2024) and transforming methodologies across disciplines. It aids in research 
conception, data analysis, literature synthesis and academic writing (Huang et al., 2025; 
Kwon, 2025) while fostering new research methods, such as AI-driven pattern discovery and 
qualitative-quantitative integration. AI-powered tools facilitate literature reviews, coding and 
statistical analysis, raising debates about their role in knowledge synthesis, knowledge 
development, knowledge evaluation and knowledge translation (Grimes et al., 2023), all 
knowledge work components (Renkema and Tursunbayeva, 2024).

Virtual and augmented reality expand research environments, enabling global 
collaboration while revolutionizing qualitative data collection. AI-driven automation also 
influences research timelines, potentially accelerating publication processes (Barros et al., 
2023) and reshaping academic evaluation (Bechky and Davis, 2025), while also promising to 
increase the rigor of research methods (Grimes et al., 2023). However, its use to monitor 
researchers’ productivity raises ethical concerns about digital surveillance and work–life 
balance. Moreover, concerns have been raised about the authenticity, transparency and 
reliability of research, as AI systems are not free of errors and biases (e.g. Grimes et al., 2023).

2.3.3 AI and services activities. AI can also enhance academic service-related activities by 
automating and streamlining tasks such as mentoring (Huang et al., 2025), peer review 
(Bechky and Davis, 2025), grant applications and administrative duties (Barros et al., 2023). It 
supports academics in connecting with industry for research and funding, finding suitable 
mentors and reviewers and organizing conferences or committee work. AI also helps manage 
routine tasks such as email sorting, scheduling and expense reporting, allowing scholars to 
focus on core responsibilities (Renkema and Tursunbayeva, 2024).
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Virtual reality technologies enable remote participation in meetings and conferences, 
while AI-powered tools assist with language translation and the dissemination of expertise. 
AI-powered teacher bots can help students to learn (Pillai et al., 2024). Finally, by 
supporting multitasking, AI can help scholars handle multiple activities simultaneously, 
increasing efficiency and productivity in academic service roles (Renkema and 
Tursunbayeva, 2024).

In conclusion, to answer the research question of how AI shapes academic work, we need to 
consider changes in teaching, research and academic services. Our research framework, 
therefore, includes these three domains to explore changes and their key drivers.

2.4 Operational and strategic design
Despite the transformative potentials at the work design level, research consistently shows that 
the impact of technology on work (design) is not predetermined (Parker and Grote, 2022a). 
Thus, to uncover these key drivers, modern STS theory suggests accounting also for the 
operational and strategic design levels (Pasmore et al., 2019). For instance, the technological 
properties of AI – such as algorithms and data architectures – interact in complex ways with 
human factors, organizational norms and institutional structures. This makes the operational 
design level particularly important, as it captures how organizations make decisions about 
adopting technology and embedding it in a social system. As such, it is important to study how 
HE make informed and timely decisions about technology deployment and social system 
structures, including talent strategies, leadership models and organizational culture 
(Tierney, 1988).

The strategic design level focuses on refining an organization’s purpose, governance, 
ecosystem and capabilities to optimally embed it in the broader environment (Pasmore 
et al., 2019). Although HE’s organizational purpose is generally stable, failing to adapt can 
threaten long-term viability. Governance must evolve to reflect stakeholder priorities, 
necessitating faster and more equitable decision-making processes. The ecosystem 
component underscores that HE institutions do not operate in isolation but rather as 
nodes within interconnected networks of partners, including industry, government and 
global academic communities (Leal Filho et al., 2025). Within this broader system, the core 
(academic) organization plays a central role, acting as the center that coordinates efforts, 
aligns values and governs interactions. Rather than operating as static structures, these 
organizations must be designed as what Pasmore et al. (2019) describe as adaptive systems 
or dynamic sociotechnical arrangements capable of continuously adjusting and realigning 
in response to environmental change.

2.5 Multilevel sociotechnical factors of influence
Combining the previous sections and considering that this study responds to the pressing 
need for research on HE that simultaneously considers the technical and social dimensions 
of AI integration, we draw on STS theory to examine the interplay among the work, 
operating and strategic design levels of HE institutions adapting to AI use. Developing this 
understanding, institutions can pursue balanced optimization to improve the alignment 
between the system and the environment, thereby increasing sustainability.

This multilevel perspective builds on insights already emerging from other knowledge-
intensive domains – such as the work of Salwei and Carayon (2022) on AI in clinical 
environments – and aligns with conceptual contributions by Draude et al. (2019) and Zhang 
et al. (2025), who advocate for a more integrated, human-algorithm perspective. While these 
studies have provided novel insights into knowledge-intensive domains, we lack an 
understanding of how and why AI is shaping academic work. By extending these previous 
contributions to the context of HE institutions, this study uses STS as a sensitizing framework 
to empirically explore changes in academic work and develop a comprehensive STS-informed 
framework for understanding and guiding AI adoption in HE.
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3. Methodology
We adopted an exploratory qualitative research design, which is particularly well-suited for 
investigating emerging trends and phenomena around AI (e.g. Wu et al., 2023). As an 
innovative data source, we used publicly available podcasts from platforms such as Apple 
Podcasts and Spotify. The use of archival and secondary sources in qualitative inductive 
research is increasingly recognized for its potential to generate novel insight (Brownell et al., 
2024). In particular, secondary interviews have been identified as under-valued yet valuable 
data sources (Kulkov et al., 2023). Drawing inspiration from Kulkov and colleagues (2024), 
we found that podcasts offer several advantages, including accessibility, replicability for 
verification by other researchers and the capacity for rapid data gathering, thereby enhancing 
the relevance and timeliness of research findings. Our podcast approach captured the 
perspectives of those at the forefront of this rapidly developing research phenomenon, 
including edtech experts, academic leaders, investors and educators, providing a suitable 
sample for this exploratory inquiry (Brownell et al., 2024).

Moreover, the use of pre-existing data minimized researcher intervention, reducing 
potential biases and increasing the impartiality of the results (Thomson, 2022). Nevertheless, 
we acknowledge that podcast discussions are influenced by the podcast host, guests and 
intended audience. At the same time, this very weakness can be considered as a strength: 
podcast hosts often act as well-informed and engaged research assistants, stimulating rich 
discussions (Thomson, 2022).

3.1 Data collection
We adopted a thorough systematic approach to collect data for our Podcast analysis. Podcast 
series and episodes were first searched for by combining the keywords “artificial intelligence,” 
OR “AI,” AND “Academia” on the specific podcast channels dedicated to technology in 
education, including EdSurge and Edtech Insiders, both of which are explicitly focused on 
technology in education and hold recognized positions within the edtech ecosystem. 
Relevance was initially assessed through episode descriptions and keywords, with selections 
discussed between both authors. Additional searches by case title and interviewee were 
conducted on Apple Podcasts and Spotify to expand our sample. Our search strategy yielded 
85 episodes, ranging from 6 to 92 min. The selected podcast episodes were transcribed 
verbatim, after which the authors read and discussed them to determine whether they met our 
inclusion criteria.

We excluded episodes that were not publicly available, not in English, or that did not focus 
on the use of AI by academics, such as episodes centered only on AI use in primary or 
secondary education. Consequently, we included in our analysis only episodes that met the 
following inclusion criteria: Public Podcasts in English that discussed AI in academic work, 
which could be either teaching, research or academic services. In doing this, we started the 
process of engagement with and reflection on our data set (King and Brooks, 2017). The final 
sample included for the analysis comprised 66 podcasts posted between November 2017 and 
July 2023 (see Supplementary Materials for the list of qualifying Podcast episodes and their 
main characteristics). The topics of the podcasts were wide-ranging. They explored how AI is 
transforming education and academia, focusing on its use in research, teaching, assessment 
and academic integrity. Other key themes include the ethical challenges of AI adoption, the 
balance between automation and human expertise, and the evolving role of educators.

3.2 Data analysis
We employed template analysis as our approach to make sense of the data (King and 
Brooks, 2017). We inserted all transcriptions in Atlas.ti. Before the start of our analysis, we 
defined a set of broad a priori codes (King and Brooks, 2017) based on dimensions of the 
future of work (where, when and what) and the categories of academic work (research, 
teaching and services), reflecting our initial research focus on the application of AI in
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academia (Renkema and Tursunbayeva, 2024). To construct the initial coding template, 
both authors independently coded five medium-length episodes each, using both the a 
priori categories and emergent codes. These initial coding templates were then discussed 
collaboratively, with first-order codes being organized into meaningful clusters to form a 
preliminary template.

Next, each author independently coded an additional ten episodes using this updated 
template, identifying segments of text relevant to the research questions and applying 
corresponding codes. The resulting analyses were compared and discussed to refine the coding 
structure – adding new themes, redefining existing ones and merging overlapping categories – 
leading to the development of a revised template. This revised template, featuring a 
hierarchical organization of codes, was then applied to another set of 20 episodes and used to 
re-code the initial episodes. Higher-order themes were elaborated through nested sub-themes, 
and multiple levels of coding were established – resulting in the final “simplified” template.

After completing these iterations, the authors convened to finalize the template, ensuring it 
provided a rich and comprehensive representation of the dataset (King and Brooks, 2017). This 
template was applied to all the remaining episodes. Given the richness of the data, our final 
template contained a high number of themes. In reporting our findings, we concentrated on the 
most salient themes relevant to our research questions, and we also explored interrelations 
between themes, beyond their hierarchical organization. Discussing our insights, we 
recognized themes that reflected both social and technological dimensions across 
organizational levels. For instance, the results show that institutional choices and technical 
developments were often mentioned as shaping factors. Based on these reflections, we decided 
to adopt the STS theory as a guiding framework for interpreting our findings. For example, 
inspired by the framework by Pasmore et al. (2019), the third-order categories related to the 
content of academics’ work (teaching, research, services) were clustered as the work design 
component, while the sociotechnical factors were categorized under operational and strategic
design.

We adhered to most quality assurance procedures recommended by King and Brooks
(2017), including independent coding, maintaining an audit trail and providing “thick 
descriptions” supported by participant quotes (see Supplementary Materials for an overview 
of the final data structure and for the empirical evidence with illustrative quotes). In line with 
standard practices in template analysis, we present our findings according to the main themes 
identified, illustrating our interpretations with examples drawn from the dataset.

4. Results
The findings highlight that the use of AI has the potential to significantly (re)shape the work of 
academics. Importantly, and in line with sociotechnical theorizing, we uncovered social and 
contextual aspects playing important roles in shaping academic practices (see Supplementary 
Materials and Figure 1). The use of AI not only provided new opportunities but also introduced 
important concerns, highlighting the novel tensions that academics and HE institutions faced 
with the emergence of AI. Sociotechnical factors such as the developments in AI technologies, 
institutional policies, national regulations and (cultural) attitudes toward AI in academia were 
key drivers of the development of AI in academia.

Moreover, we found examples of how AI applications can shape academic practices and 
transform specific academic activities (see Supplementary Materials for illustrative quotes 
based on our template analysis and the categories and dimensions that are used to structure the 
results). The use of AI has been particularly described in the teaching domain, while research 
activities were also impacted. Academic services were almost absent from the empirical data, 
indicating that these activities were not being significantly discussed and/or impacted for now.

We next describe how AI use impacted these aspects of academic work. First, in section 4.1, 
we describe the influences of AI on the work design component of the STS framework as 
theorized in 2.3. Then, in section 4.2, we describe the sociotechnical factors that shape these
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influences of AI on the work design of academics – followed by outcomes and consequences in 
section 4.3. In the Discussion (Section 5), we link the empirical findings explicitly to the work, 
operational and strategic design levels as proposed by Pasmore et al. (2019).

4.1 AI use in academic work
4.1.1 Teaching: AI prompted teachers to rethink existing approaches to education. The results
showed that the use of AI was most evident in education, a domain that is undergoing many 
changes, forcing academics to change their current approaches to teaching. AI usage changed 
education in mainly four ways, which we outline next.

First, teaching activities and teachers were augmented by AI. Academics and HE 
institutions adopted and incorporated AI to improve their work, whereby a hybrid model of 
teacher–AI collaboration emerged. One of the most prevalent changes to education was the 
personalization of teaching activities. For instance, AI allowed teachers to provide students 
with tailored approaches and personalized support.

Furthermore, AI was used by teachers to directly generate educational materials such as 
course and lesson plans, assignments, exam questions, teaching materials and feedback, and 
thereby functioned indirectly as a teaching assistant providing help to both academics and 
students:

And AI really can become that assistant, that support for a teacher [. . .] And it will do things such as 
helping to grade papers, helping to create lesson plans, helping to scaffold lessons, helping to create 
materials. (#57)

A very important issue was that teachers grappled with students who increasingly use AI, 
which forced educators to rethink their assignments and assessments. Finally, AI provided 
information and suggestions to support decision-making, such as deciding what educational 
interventions specific students need.

Second, due to the rise of AI usage, discussions emerged around automation and teacher 
replacement. In various episodes, worries were expressed about the potential of AI replacing 
teaching. However, although some described that AI could replace teachers, others found it 
more likely that specific teacher activities would be automated. Particularly, AI was seen as

Key ins��onal-level factors (strategic design)

AI Technology and System Design (opera�onal design)

Individual factors

AI use in Academic Work (work design)

Teaching

Research

Services

Design and 
deployment of 

AI

AI literacy

AI integra�on 
in learning 

systems

Banning or 
blocking AI

Society-level factors
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Enhanced performance 
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Figure 1. Sociotechnical AAITF framework of AI-transformation in academia. Source: Authors’ own work

ITP
39,8

136

Downloaded from http://ftp.nowpublishers.com/itp/article-pdf/39/8/129/11741872/itp-11-2025-1654en.pdf by guest on 12 July 2026



useful for the delegation of tasks, for example, by taking over the boring and repetitive tasks of 
teachers. These activities were mostly related to administrative requirements.

Third, while distance learning and online training are enabled by digital technologies, AI 
was reported to enhance these environments through adaptive and intelligent functionalities. 
Virtual platforms could allow instructors to teach from anywhere and at anytime, while AI 
added capabilities such as chatbots for student support, automated feedback or analytics could 
personalize learning pathways. Distance learning was reported to now be embedded in 
traditional courses and expanded through the online massive open courses format, with AI-
driven personalization increasingly integrated.

Fourth, the incorporation of AI in education emerged to be complemented by changes in 
what was being taught. Not only did teachers need to gain new knowledge and skills in teaching 
with AI, but the content of education also changed. It became increasingly important that 
students know how to work with AI – to gain so-called AI literacy – to prepare them for their 
work–life where they interact with generative AI:

[My students] are graduating seniors, they are going into sales and recruiting and real estate and 
nonprofit management. All of those things are going to involve them writing copy and summarizing 
ideas and putting stuff together for a website. And the truth of this is, this [GenAI] is being used in all 
those industries already. We’re not talking about the future, we’re talking about right now. [. . .] And so 
if we are fighting this, or pretending it doesn’t exist, we are systematically disadvantaging our students 
from entering the workforce. (#31)

Furthermore, as AI was reported being increasingly used, student learning changed and 
different types of knowledge were required from students, such as problem-solving skills and 
the ethical deployment of AI.

4.1.2 Research: nascent AI-driven research activities. Research activities were also
impacted by the use of AI – albeit that research was substantially less prominent in the dataset. 
AI-driven research involved academics’ integration of AI-tools as co-creators in their work. 
Beyond (scientific) writing, AI was recognized for its (potential) applications and use in other 
search activities, such as coding, programming, data analysis for research-related tasks and 
supporting research to become more open-access.

One thing that it can do is generate text for research papers. So one way is you can feed ChatGPT a 
prompt and it will generate a pretty coherent and grammatically correct paragraph, or even it can do a 
full research paper. So of course, we’re not going to use ChatGPT to write our research papers, but 
what it can do, and can be particularly useful, is when you’re stuck with a writer’s block, or you’re 
stuck on an idea and when you need to quickly generate a rough outline or rough draft of a paper, it can 
be very useful. (#27)

4.1.3 Services: the underexplored impact of AI in academic services. The third core
component of the academic job consists of providing academic services, such as supervising 
and leading, peer-reviewing and academic committee work. However, almost none of these 
academic services were described in the Podcast episodes. The only related activities involved 
the role of (university) administrators, which is not typically filled by academics, and using AI 
to write letters of recommendation for students.

And [AI] will do things such as . . . helping to write . . . letters of recommendation, helping to analyze 
financial aid letters, helping to handle all of those different contexts to do it. (#57)

4.2 Sociotechnical factors shaping the adoption of AI in academia
The adoption of AI in academic institutions emerged as largely shaped by drivers operating at 
different levels. We found that these multilevel sociotechnical drivers existed at the individual,
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institutional and societal levels, where these factors either facilitated or hindered the adoption 
and use of AI.

4.2.1 Individual differences shaped AI adoption. At the individual level, we identified three
factors that shaped how academics incorporated AI in their work, by affecting their ability and 
willingness to use AI. First, academics’ awareness and understanding of AI affected the 
(effective) adoption of AI. Faculty members displayed varying levels of AI literacy, whereby 
more advanced knowledge of AI was linked to higher levels of integration. Second, attitudes 
toward AI played an important role. The responses of academics to AI varied substantially, 
with some being very positive and embracing the technology, while others were reluctant and 
rejected its use:

Just under four out of 10 teachers are actually allowing their students to use in the classroom. That’s a 
little bit low. So a question, I guess I would have and something to investigate further here is Why is it 
low right?[. . .] I wonder if teacher mindset plays a role into this, right? (#45)

Third, the use of AI in academia elicited diverse responses from students. Students used AI 
tools themselves for writing and learning, but concerns were also expressed regarding fairness 
and transparency about the use of AI by teachers and institutions. For instance, the use of video 
recording and facial recognition on campus led to worries about privacy and bias.

4.2.2 Key institutional-level factors shaping AI adoption. At the institutional level,
university policies and administrators played an important role in shaping the work of 
academics. Developments in AI, and especially the launch of ChatGPT, led to diverse 
responses from university leaders, which directly impacted the use of AI by academics. Thus, 
some universities responded by banning AI applications such as ChatGPT though after 
reconsidering their decisions, whereas others continued existing practices.

[. . .] a big article by New York City chancellors who recently came out and said, Hey, when we 
initially banned ChatGPT and AI tools in our schools, we were wrong. We shouldn’t have done 
that. (#57)

The developments in AI required academic institutions to adjust and create AI policies, rules 
and guidelines about the use of AI in the classroom and its integration into curricula. For 
example, universities needed to clarify what teachers and students are allowed to do with AI. 
Leadership from university administrators and their position toward AI also played a pivotal 
role in shaping AI adoption among academics.

4.2.3 Society-level factors shaping AI in academia. National politics and policies emerged
as another key driver shaping the future of academic work. Regulation of AI played an 
important role, next to concerns about data sharing and privacy and economic circumstances 
such as investments in educational programs and shortages in academic staff.

One of the most important themes emerging from the analysis of the podcasts was the 
regulation of AI in the academic context. As the development and adoption of AI accelerated 
(e.g. the launch of ChatGPT), calls for specific AI policies became louder.

But the reality is, I would imagine that a lot of . . . higher institutions are going to really plan to do some 
big deep dives on how they allow AI to be used that their institutions, whether their policies bake 
directly into their codes for misconduct or other things. I think a lot of that work is going to happen 
during the summer. (#35)

Although banning AI completely was discussed, many experts argued that banning AI was 
impractical and instead advocated for clear rules/guidelines balancing experimentation 
with oversights, safeguarding privacy, transparency and authenticity. These discussions 
were also linked to concerns about educational technology vendors using student data to 
train AI models.

Concerns about data sharing and privacy also emerged as an important societal issue. 
Experts expressed worries about sensitive student data in learning management systems, facial 
recognition on campuses and general apprehension about the ethical use of AI in academia.
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Finally, economic circumstances such as investments in education and shortages in 
academic staff were identified as important societal drivers. According to some experts, AI 
was viewed as helpful to address staffing shortages by augmenting and automating academic 
tasks. However, it was noted that achieving the required substantial investments was not 
something that all universities could afford.

4.2.4 Technology-level factors influencing AI adoption. The final central theme concerned
technical aspects related to the design and deployment of AI in academia, limitations of AI and 
the incorporation of AI into existing learning systems.

Regarding the design and development requirements for AI for academic purposes, 
developers were reported to face numerous choices that could affect use and outcomes – and 
thereby shape how AI affects academic work. For example, the type of AI used: LLMs, 
machine-learning prediction models, robotics or GenAI; integration of AI models APIs; 
grading standards; and choice of cloud providers. Here, we observed a shift in how AI was 
framed across the podcasts. In the earlier period, AI was discussed primarily in relation to 
organizational predictive analytics, adaptive learning systems and data-driven decision 
support. Following the launch of ChatGPT, the discussions shifted toward publicly available 
GenAI tools.

Secondly, several limitations of AI-development were identified, underscoring the need for 
responsible AI. For example, the data used to train AI education models may not be 
representative of the population, leading to biased grading results.

So if we don’t have extremely representative data that’s both representative of large numbers of 
students in different contexts, but also can be localized to the specific context, then the algorithms are 
going to produce biased results. (#01)

Moreover, GenAI could make mistakes and produce false information, necessitating critical 
evaluation of the produced outputs and verification of sources. Finally, vendors of educational 
software emerged as important actors influencing the work of academics. Providers of learning 
management systems used by universities increasingly integrated AI features, such as AI-
chatbots, into their platforms, suggesting that AI is becoming an integral part of academic 
work regardless of individual awareness or acceptance.

4.3 Outcomes and consequences of AI in academia
The episodes also highlighted the (un)intended consequences and implications, most notably 
its transformational effect. One of the critical transformational effects concerned changes in 
knowledge acquisition. Many Podcast guests in our sample believed that AI had changed the 
value of knowledge and the way learning takes place. On the one hand, knowledge acquisition 
and increasing one’s understanding were reported to become AI-mediated with personal 
assistance, whereas on the other hand, new types of knowledge, such as understanding how to 
critically interact with AI, were considered more important.

There are also some potential drawbacks, such as promoting an overreliance on AI, [thereby] 
diminishing critical thinking. And misinformation. Students do not fully engage in the learning 
process or neglect to develop important problem-solving skills. (#51).

AI was also discussed as a positive force for diversity and inclusion. Specifically, AI was seen 
as beneficial to foster the inclusion of individuals with special needs, such as those who have 
dyslexia or ADHD. For instance, students with specific needs were reported to benefit from the 
tailored support of chatbots such as ChatGPT.

. . . because what I’m excited about, or I feel positive about, is how in many ways ChatGPT for lots of 
people, that are divergent people, people from marginalized backgrounds and experiences like 
ChatGPT becomes a really phenomenal code switcher in accessing a lot of the embedded 
assumptions. (#62)
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At the same time, concerns were raised that AI could exacerbate existing inequalities, as AI 
could incorporate or augment existing biases, and unequal access to technology might 
unevenly distribute (potential) benefits of using AI.

Finally, although there were positive individual-level outcomes reported from AI use such 
as improved learning, efficiency or creativity, these benefits were reported to be accompanied 
by increased stress by academics and students, who were already overburdened, and required 
to adapt to novel technologies.

5. Discussion
This study investigated how AI impacts academic work in HE institutions across teaching, 
research and services. Using qualitative analysis of 66 Podcast episodes with those at the 
forefront of technological developments and those with expertise in academia, we applied a 
sociotechnical lens and multilevel perspective to reveal the multifaceted and dynamic nature 
of AI integration in academia, shedding light on the key drivers that underpin the academic 
work landscape. This enables us to map how AI is expected to shape the work of academics, 
provide direction for future research and offer recommendations for practice.

5.1 Academic AI-transformation framework (AAITF)
We argue that the adoption, implementation and use of AI, regardless of its type or release, in 
academia should be considered within the social and technological contexts to understand how 
AI shapes academics’ work. Figure 1 depicts our framework, whereby its main blocks and 
components are based on the Data Table (See Supplementary Materials), which also 
functioned as the structure of the Results section. The sociotechnical framework extends the 
work design perspective in academia (Parker and Grote, 2022a; Renkema and Tursunbayeva, 
2024), which represents the foundational level comprising the core activities that academics 
perform, by adding empirically derived factors of influence that shape academic work across 
multiple organizational levels.

In line with earlier research adopting STS (e.g. Pasmore et al., 2019; Zhang et al., 2025), 
our framework also includes the operational systems level, which comprises the technical and 
social processes, while in line with Carayon et al. (2015), a larger socio-organizational context 
in our study is represented as higher-level factors surrounding the operational level, including 
elements of strategic design (Zhang et al., 2025). These levels and their components will be 
outlined below, whereby we use the STS lens to reflect on the empirical findings as outlined in 
the Results section. Specifically, academics’ work is linked to the work design component, and 
the individual differences, institutional-level factors and society-level factors are classified as 
the sociotechnical factors that shape the work design. Dimensions related to AI technology are 
categorized as the technical component of STS, while factors in individual differences, 
institutional-level factors and society-level factors are mainly categorized as social 
dimensions. Finally, the operational component captures the AI technology, work design 
and individual differences together, while the strategic component adds key institutional-level 
factors.

Starting from work design, as outlined in the results, our model shows that the adoption and 
use of AI impacts the three core work activities of academics: teaching, research and academic 
services (Rapert et al., 2002) – where it can automate, augment, replace and reconfigure work 
activities (see section 4.1) and thereby have a transformational effect on academic work.

Academics themselves utilize the social and technical resources that the adoption and use 
of AI tools permit, which, as a result, influence their work performance and well-being levels. 
The AAITF framework suggests that the influence of AI on academic work is shaped by 
individual-level social factors such as AI skills, attitudes and responses by others. Based on a 
combination of these factors, we argue that new tensions are likely to emerge [1]. Academics 
are confronted with the AI-usage, AI stimulation and responses by others, such as students and
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their institutions, which requires them to adjust and adapt. For instance, AI use was repeatedly 
associated with an exacerbation of inequalities and biases (see sections 4.2.1 and 4.3), raising 
concerns from students and thereby shaping how academics approach AI in their work.

Furthermore, in line with earlier studies (e.g. Laupichler et al., 2022), our results show that 
academics’ AI skills impact the use of AI in academic work – highlighting the importance of 
Individual differences. The findings show that a shift in expertise is necessary, as academics 
are required to gain AI-literacy (see 4.2.1), which is described as competencies that enable 
them to critically use and evaluate AI in their work (Long and Magerko, 2020; Ng et al., 2021). 
Finally, our framework indicates that personal attitudes of academics are important factors 
influencing their use of AI, echoing the findings of Waqas et al. (2025), as results indicated that 
some embraced AI, whereas others outright rejected it. Hence, because our study shows that AI 
is both perceived as a helpful tool by some, but also as a trigger for concerns by others, it 
creates new tensions at the work design level. As a result, academics need to navigate these 
(potentially) competing demands while crafting their work.

The system design, or operational design, involves not just the use of technical systems 
(LLMs, AI-supported tools), but also developing and incorporating suitable and responsible 
AI-apps that are integrated into academic work processes and existing ICT systems, such as 
learning platforms and communication channels (technical systems). For instance, software 
vendors increasingly integrate AI-features in their existing products (see 4.2.4). These 
developments are inseparable from the social systems, whereby they change existing 
relationships and connections. For example, the relationship between academics and students 
can change when AI automates repetitive tasks, and students use AI as a personal tutor instead 
of asking their teachers (see 4.1.1). Additionally, as academics use GenAI to support writing or 
co-creating research (see 4.1.2), the relationship between academics also evolves: AI becomes 
an academic assistant, which becomes a new collaboration partner. However, these technical 
and social systems create tensions that need to be balanced (Zhang et al., 2025), to support both 
academic performance (efficiency), as well as the well-being of academics and students, and 
knowledge acquisition and dissemination. Moreover, the results show that limitations of AI 
should be accounted for to prevent the incorporation of bias (Baker and Hawn, 2022) and limit 
the production of erroneous information, also called hallucinations (Kulkarni et al., 2024).

The strategic design involves not only the design of the organization but also the 
ecosystem, governance, and purpose. In the current context of the AI transformation in 
academia, this includes the institutional-level and the societal-level factors. Our empirical 
results highlight that universities and academic leadership play important roles in developing 
policy and governance structures to incorporate AI in academic practices – some like the New 
York school system even banning AI tools (see 4.2.2) – thereby co-shaping the adoption of AI 
in academic work. For example, universities need to navigate the tensions between stimulating 
AI adoption and thereby potentially enhancing academic work and dealing with the (un) 
intended consequences for academics, students and knowledge generation. Moreover, the 
latest developments in GenAI applications enable academics and students alike to adopt 
advanced technologies and experiment in their own practices without their universities being 
involved. This so-called bottom-up innovation process (e.g. Renkema and Bos-Nehles, 2024; 
Retkowsky et al., 2024) requires universities to respond rapidly with appropriate policies and 
governance structures, rather than initiating lengthy, top-down change initiatives.

Beyond the institutional-level, national and supranational laws and regulations, societal 
concerns about privacy and economic circumstances were found to be important 
sociotechnical factors (as outlined in Figure 1). We have seen that some countries have 
prohibited the use of AI in universities (e.g. Italy banned ChatGPT), which shows that national 
policies directly impact the leeway universities have in adopting AI (see 4.2.3) – underscoring 
the importance of such policies and guidelines (Nguyen et al., 2025).

Finally, the framework highlights the multilevel relationships and tensions that emerge 
between levels. For example, at the meso-level, universities may encourage AI use to increase 
efficiency, while at the micro-level, some academics feel anxious or concerned about AI.
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Furthermore, the individual adoption and experimentation with AI by enthusiastic academics 
prompts a response whereby institutions develop policy, which in turn shapes the adoption and 
use of AI. Relatedly, micro-level adoption might be much faster than macro- or meso-level 
policy changes. All these examples highlight the top-down and bottom-up dynamics (see 
arrows on the left and right sides of Figure 1) that are represented by the multilevel nature of 
our framework.

In sum, applying sociotechnical thinking enabled us to show that AI is framed to influence 
the work of academics and create novel tensions at and between different levels of analysis. AI 
shapes the higher education transformation through changes in academics’ activities (work 
design), the design and integration of AI into academic processes (operational design), the 
organizational choices of academic institutions (strategic design), and is also shaped by 
individual- and societal-level factors – thereby impacting outcomes such as work 
performance, knowledge acquisition and diversity and inclusion (right side of Figure 1). It 
is important to note that these outcomes are meant as categories, which are not inherently 
positive or negative, but can manifest in both beneficial or detrimental ways depending on the 
sociotechnical context.

5.2 Theoretical implications
Our STS perspective on AI in academic work offers three theoretical contributions that enrich 
three existing bodies of literature. First, we contribute to the HE literature by applying the work 
design approach to academic work in the age of AI. This has led to novel insights, identifying 
how and why AI alters both the content of academic work (e.g. changes in student assessment) 
and its social structure (e.g. student–teacher dynamics and AI-as-colleague relationships). Our 
AAITF framework captures these dynamics, integrating STS theory and work design 
principles into a multilevel sociotechnical lens to understand both AI benefits – such as 
enhancing and streamlining activities – and its negative consequences, including diminished 
learning and increased work pressure (Izak et al., 2025).

Second, we extend the emerging research on the role of AI in transforming knowledge 
work and learning in the academic context (e.g. Kulkarni et al., 2024; Peres et al., 2023), by 
empirically exploring the factors involved in shaping these changes and showing that a 
combination of sociotechnical factors is important to integrate to understand these 
transformations better. Specifically, our contribution lies in integrating multilevel thinking 
from systems theory with a work design lens to capture the interplay between macro-level 
strategies (e.g. national policy, institutional governance) and micro-level practices (e.g. 
individual experimentation with AI tools), revealing a dynamic co-evolutionary process of 
how AI shapes core academic practices. This extends early studies (Barros et al., 2023; 
Renkema and Tursunbayeva, 2024) that overlooked such multilevel dynamics, by showing 
the importance of organizational design choices (e.g. AI policies and leadership), 
operational design (e.g. AI design choices and integrations), societal drivers (e.g. influence 
of laws, privacy concerns and economic circumstances) and individual factors (AI 
attitudes, skills and responses), that together can shape how AI usage changes 
academic work.

Third, we advance the work design literature. Our results highlight the contingent nature of 
AI’s impact across domains of academic work, which are differently affected, supporting a 
nuanced, non-uniform view of academic transformation. In line with contingency theory 
(Burton et al., 2006), our study suggests that the consequences of AI usage in academia are 
shaped by a constellation of sociotechnical factors, including the type of AI, academic 
leadership and national and institutional policies. We thus advance work design literature by 
incorporating this multi-contingency view, emphasizing the role of context in shaping the 
work design of academics and its outcomes (Parker and Grote, 2022a). Moreover, the results 
show that there is a need for academics to adapt their work because of bottom-up AI adoption 
by students and peers. Hereby, this research expands on the notion that job crafting is important
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(Parker and Grote, 2022b), by showing how AI shapes the work (design) of academics requires 
the integration of both top-down and bottom-up perspectives.

5.3 Limitations and future research
This study is not without limitations. First, the podcast-based methodology – although 
innovative – did not allow for follow-up questions or member checking. Although experts and 
experienced academics were interviewed in the episodes, our research does not provide 
systematic empirical evidence on the use of AI for different domains, their relative importance, 
and their consequences. For example, some episodes framed AI as a helpful tool (techno-
optimistic), whereas others were more critical. Instead, we were mainly interested in 
identifying sociotechnical categories informing further studies about the influence of 
academic AI use. Moreover, some episodes were somewhat speculative about the potential 
effects of AI use rather than the actual changes. Also, podcast hosts and guests are often early 
adopters, edtech experts or publicly visible scholars who are more inclined to engage 
positively with AI. As such, these voices may not fully represent the experiences of 
overworked or skeptical academics, particularly those facing heavy teaching loads, limited 
institutional support or implementation fatigue. This bias may tilt the AAITF toward 
opportunity-oriented narratives, while underrepresenting everyday struggles related to AI 
adoption, such as learning costs, infrastructural constraints or emotional resistance. Future 
research could address these limitations through focus groups, Delphi studies or longitudinal 
ethnographies with academics of various experiences and roles and explore their different
perspectives. 

Second, the current analysis focused broadly on AI in academia, which means we did not 
take into account the episodes’ context nor the specific AI technologies used. For instance, we 
did not distinguish between types of AI (e.g. machine learning or GenAI), which could have 
differential effects on the work of academics. This is because our analytical objective in this 
study was not to examine the impacts of a specific AI application or generation of tools (e.g. 
ChatGPT), but rather to identify sociotechnical factors shaping scholars’ engagement with AI 
as a broader class of technologies in academic work. Consequently, we deliberately adopted a 
technology-agnostic analytical lens, focusing on AI as a family of technologies embedded in 
academic practices, rather than on individual tools or releases. This approach is consistent with 
recent scholarship in AI in HE (Engstr€om et al., 2024). Further research should disaggregate 
these technologies and explore their distinct sociotechnical dynamics. The broad focus of this 
study means that certain contextual conditions, including power dynamics surrounding Big 
Tech and the Global South perspective, were not deeply engaged with and warrant future 
research exploring how AI can create new dependencies and inequalities. At the same time, the 
breadth of the empirical analysis supports transferability of the findings beyond the podcast 
context to higher education institutions and knowledge work more generally.

Finally, our data primarily concerned AI in education, which is an important topic 
(Laupichler et al., 2022), but the consequences for research and academic services also merit 
attention. Indeed, recent work suggests GenAI could transform the research process (Andersen 
et al., 2025), highlighting the need for further studies. Also, the near absence of impact on 
Academic Services in the analysis might have been due to discursive selectivity in our data set. 
Podcast formats and public conversations tend to privilege visible and compelling domains 
such as teaching, assessment, and student misconduct, while routine and procedural service 
work remains largely invisible. At the same time, academic services are embedded in highly 
institutionalized bureaucratic structures, where experimentation with AI is constrained by 
formal rules, legal accountability, and concerns about legitimacy. For example, the use of AI in 
the review process has been highly debated in recent publications (Naddaf, 2026). Unlike 
teaching or research, which are often framed as individual responsibilities, service work also 
involves collective decision-making and shared accountability, increasing the reputational and 
ethical risks associated with AI use and discouraging open discussion. This gap may reflect a
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temporal lag in adoption, as AI integration typically begins with individual scholarly practices 
before becoming embedded in institutional routines and administrative infrastructures. The 
relative emphasis on teaching, compared to research and particularly academic services, 
reflects the underlying distribution of themes in the empirical material and is therefore 
interpreted as an empirical finding rather than an analytical imbalance, highlighting how 
different domains of academic work are currently prioritized in discourse on AI.

5.4 Practical recommendations
First, we observed that institutional and professional policies on AI remain largely unexplored-
likely due to the early stage of adoption and the reluctance of some academics to acquaint 
themselves with AI (Dwivedi et al., 2023). However, given that AI policies are critical factors 
of strategic design, we recommend more systematic attention toward the institutional and 
professional governance of AI in academia. Interpreting our empirical results through STS 
lens (Pasmore et al., 2019), we reveal that academic leaders should take a holistic approach to 
organizational change, focusing not only on the work processes of academics but particularly 
on continuously designing and evolving their STS, including operating systems and strategic 
design, aligning them with the fast AI developments in academia. Insights from our study 
suggest that these developments lead to novel tensions, which institutions need to respond to, 
for example, by establishing AI governance committees responsible for offering clear 
guidelines on the use of AI by academics and students and by investing in academic leadership 
that supports this transformation.

Second, our results suggest that AI in HE should be viewed as a deeply organizational and 
social challenge, incorporating social and technical factors. Institutional leaders must design 
AI policies that are not only technically robust but also ethically grounded and pedagogically 
aligned. HE institutions can, for example, draw on recent frameworks for the responsible use 
of AI in education (Chan, 2023) or research (Smith et al., 2026) to develop their AI policies, 
doing so, HE institutions should organize inclusive dialogues with faculty, students and 
external stakeholders, including educational technology vendors, to establish a policy 
framework that includes whether AI use is permitted or prohibited. This framework should 
operate at the level of specific academic tasks, recognizing that AI might be appropriate in 
some contexts (e.g. explaining theories) while being inappropriate in others (e.g. peer review).

Finally, we emphasize the importance of training and capacity building. Academic staff and 
students must develop AI literacy continuously, given that AI technologies develop rapidly. As 
universities move toward strategic integration of AI, multilevel investments aligned with 
sociotechnical factors of influence, such as the combination of professional development, 
training programs and technical infrastructure, will be essential to ensure that the benefits of AI 
are equitably distributed and ethically grounded.

6. Conclusion
AI’s transformation of academia is uneven and dynamic, whereby novel tensions between 
possibilities and challenges emerge, influenced by regulation (institutional) policy, technology 
and individual preferences. Our sociotechnical, multilevel AAITF framework shows AI 
should be seen not just as a tool but as a phenomenon redefining academic work. Its integration 
requires critical reflection and intentional design across strategic, operational and work design 
levels. HE institutions must invest in AI literacy, responsible use and inclusive policies to 
encourage a careful, collaborative and context-sensitive adoption to support positive outcomes 
for academics while safeguarding integrity and values.

Note
1. These novel tensions are based on our interpretation of the results using STS, and are represented in 

Figure 1 by the icon of lightning bolt.
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Supplementary material
The supplementary material for this article can be found online.
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