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Abstract: Artificial intelligence (AI) advances and the rapid adoption of generative AI tools, like
ChatGPT, present new opportunities and challenges for higher education. While substantial literature
discusses AI in higher education, there is a lack of a systems approach that captures a holistic view of
the structure and dynamics of the AI transformation of higher education institutions (HEIs). To fill
this gap, this article develops a causal loop diagram (CLD) to map the causal feedback mechanisms
of AI transformation in a typical HEI. We identify important variables and their relationships and
map multiple reinforcing and balancing feedback loops accounting for the forces that drive the AI
transformation and its impact on value creation in a typical HEI. The model shows how, motivated
by AI technology advances, the HEI can invest in AI to improve student learning, research, and
administration while dealing with academic integrity problems and adapting to job market changes
by emphasizing AI-complementary student skills. We explore model insights, scenarios, and policy
interventions and recommend that HEI leaders become systems thinkers to manage the complexity
of the AI transformation and benefit from the AI feedback loops while avoiding policy traps that may
lead to decline. We also discuss the notion of HEIs influencing the direction of AI and directions for
future research on AI transformation and the sustainability of HEIs.

Keywords: higher education; artificial intelligence; AI transformation; generative AI (GenAI);
ChatGPT; future of work; CLD; feedback loop; systems thinking; system dynamics; complex system;
digital transformation; sustainability

1. Introduction

The spectacular growth of generative artificial intelligence (AI) tools, like ChatGPT,
since late 2022 has brought AI to the forefront of all debates about technology and its
impact on the economy and society [1]. While companies explore how to benefit from
generative AI investment [2], there are concerns about the future of work and the adverse
social consequences of automation that may lead to a jobless future [3–5].

In higher education, the rapid adoption of ChatGPT brings excitement about oppor-
tunities for learning as well as concerns about challenges, such as students cheating on
their assignments [6], for instance, by asking ChatGPT to write an essay about any topic [7].
While the initial reaction was banning generative AI, several organizations have developed
guidelines about the beneficial use of such tools in higher education institutions (HEIs),
such as colleges or universities. The Russell Group of universities in the UK developed
five principles, emphasizing the need for “students and staff to become AI-literate”, adapt-
ing “teaching and assessment to incorporate the ethical use of generative AI”, upholding
academic integrity and rigor, and working collaboratively to share best practices [8]. The
intense interest in developing guidelines around AI in higher education underscores the
topic’s significance.

AI brings several opportunities and challenges for teaching, learning, student support,
scholarship, and administration in HEIs. AI is not a new phenomenon in education, and
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it has been studied for more than 30 years, as captured in several review articles [9–14]
that provide a background to inform our research. Still, less understood is how AI will
transform education [15,16] and what HEIs could do about it, especially about generative
AI, due to its novelty [17–20].

This article aims to study the AI transformation of higher education by deploying a
systems approach [21]. It develops a causal loop diagram (CLD) model that captures the
major factors that affect AI transformation in an HEI. The CLD shows the feedback loop
structure that defines how an HEI creates value and how AI restructures value creation
in an HEI. That allows us to understand the causal mechanism underlying several AI
effects relevant to HEI, such as effects on learning, academic integrity, and jobs. Visual-
izing the university as a complex system helps to derive novel insights into the complex
dynamics of higher education and practical implications for higher education leaders.
The study underscores the significance and value of a systems approach in developing
theory and understanding, designing, and managing AI transformation to create value in
higher education.

The article makes several research contributions. First, it contributes to our under-
standing of the AI transformation of HEIs by providing a holistic view of the driving forces
and the consequences of the AI transformation. Integrating systems thinking with economic
concepts and incentives, we show that investment in AI can have strategic value because
AI can transform the structure of value creation in an HEI. The CLD allows us to see the
strategic significance of AI within a HEI from a whole-system viewpoint, contributing to
higher education economics and strategy. A key concept is the AI feedback loop [22], which
captures novel reinforcing value-creation processes due to AI.

Additionally, this article contributes to sustainability through the study of HEIs. Goal
four of the United Nations Sustainable Development Goals (SDGs) concerns access to
quality education [23]. We show that AI can support the advancement of goal four by
demonstrating that AI can help HEIs improve their quality of learning, deal with associated
challenges, and better their reputation. Moreover, the model provides insights into the
AI-enabled sustainability of HEIs. Therefore, our work connects with two interrelated
aspects of sustainability.

Moreover, the article provides practical insights for HEI leaders seeking to understand
and leverage AI in higher education. We argue that HEI leaders need to become systems
thinkers to manage the complexity of the AI transformation, benefiting from AI feedback
loops while avoiding the associated pitfalls. We also aim to clarify what is new about
generative AI in the broader historical context of AI use in higher education.

Section 2 develops the theoretical framework and Section 3 explains the research
methods. Section 4 presents the CLD model and feedback analysis. Sections 5 and 6 are the
discussion and conclusions, respectively.

2. Theoretical Framework

The theoretical framework provides the foundation for the development of our CLD.
We study AI transformation in a typical HEI, focusing on the processes that create value in
the HEI and the impact of AI on those processes while emphasizing novel opportunities
and challenges due to generative AI. Therefore, we decided to organize our theoretical
framework into three parts: advances in AI technology that enable the AI transformation,
dimensions of AI transformation in the HEI, and AI’s impact on jobs for graduating
students. These three parts are aligned with the three main processes mapped in the CLD
model presented in Section 4, following the methodological choices and steps explained in
Section 3.

2.1. Advances in Artificial Intelligence (AI) Technology

With its continuous advances, AI has many promising business applications, and it is
expected to transform our lives, businesses, and society [1,24–28]. Artificial intelligence
as a field has a 70-year history, with multiple waves of progress followed by periods
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of challenges called AI winters. It is a diverse field of research and practice related to
creating and evaluating intelligent systems [29] with various problems (e.g., reasoning,
prediction, planning, vision, language understanding), approaches, technologies, and
applications. One popular approach has been creating rule-based systems that encode the
knowledge of experts, e.g., rules about making a medical diagnosis, but these systems have
substantial limitations. Instead of capturing knowledge in software, the approach that
proved most fruitful is designing algorithms that learn from data and training them with
large quantities of data on powerful computers—this is the machine learning approach.
Various approaches to learning are used depending on the problem: supervised learning,
unsupervised learning, reinforcement learning, and others.

Most recent AI advances rely on machine learning using large-scale neural networks,
called deep learning, due to the multiple layers of neurons. One example is large-scale
neural networks for language, called large language models (LLMs), that can generate text,
including code, following a user prompt or a sequence of user prompts (dialogue with the
user), hence generative AI. LLMs are trained using large datasets [30], and because they
deal with language, they also belong to the area of AI called natural language processing
(NLP). OpenAI’s ChatGPT, using generalized pre-trained transformer architecture with
billions of parameters (weights), is the most well-known example, amongst many, of a
conversational generative AI application built on an LLM. Other generative AI applications
produce images, music, videos, or multiple types of media (multimodal models), so the
general term ‘foundation model’ is sometimes used for generative AI models. The art of
writing prompts to obtain the best results from the system is called prompt engineering.
The systems typically incorporate filters called guardrails to ensure they do not produce
offensive or otherwise undesirable content. Other significant challenges and risks are
discussed in Section 2.2.5. Overall, AI advances create opportunities for benefiting from AI
within an HEI, as we explain next.

2.2. Dimensions of AI Transformation in HEIs

We identify and discuss five dimensions of AI transformation in an HEI: student
learning, academic integrity problems, faculty research productivity, administration and
operations, and AI-related risks.

2.2.1. Student Learning

AI can support student learning by empowering instructors and students [31]. In
particular, AI has the potential to transform teaching by supporting instructors. Instructors
could use AI as a support to design programs or courses, create new education material and
assignments, deliver better instruction that increases student engagement and motivation
for learning, and to assess learning more creatively and authentically. Faculty can also use
AI to automate time-consuming administrative tasks so that they can focus on creativity
and innovation in teaching and research. AI and other Industry 4.0 technologies, such
as the Internet of Things, can enable smart classrooms and the digital transformation of
education management, teaching, and learning [32]. Other examples include learning
analytics, educational data mining, intelligent web-based education [9], and cobots (col-
laborative robots) that assist teachers in the classroom [33]. A large-scale review of more
than 4500 articles published between 2000–2019 [34] found that the main research topics
include intelligent tutoring systems for special education, natural language processing
for language education, educational data mining for performance prediction, discourse
analysis in computer-supported collaborative learning, neural networks for teaching evalu-
ation, affective computing for learner emotion detection, and recommender systems for
personalized learning. Another review of 138 articles from 2016 to 2022 [10] found 5 five
topics: assessment/evaluation, predicting, AI assistant, intelligent tutoring system, and
managing student learning.

Students can use AI as a support tool to meet their learning goals via personalized
adaptive learning. Applications come in various forms, such as personalized learning [35],
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AI teaching assistants, teacherbots [36,37], intelligent tutoring systems [38], and others.
An experimental study in India found that personalized technology-aided after-school
instruction improves student scores in math and language [39]. Gains attributed to the
tutoring effect can be expected to be larger using more recent AI technologies, such as
GPT-4. Generative AI can empower students and enhance their educational resources and
experiences [40]. There are several ways that generative AI can be used in the classroom,
such as a tutor, coach, or teammate [41]. Alternatively, AI can be used as a tutor or coach
outside the classroom, while classroom time is used for activities that apply knowledge.

While publicly available general-purpose tools, like ChatGPT, receive most of the
attention, the greatest value may come from specialized tools created with specific education
objectives and trained with appropriate data or using retrieval augmented generation
(RAG). An example is Khanmigo by Khan Academy (https://www.khanacademy.org/
khan-labs, accessed on 14 January 2024), which aims to bring one-to-one tutoring to all
students and an assistant to teachers using AI. It runs on top of the OpenAI platform and is
used widely as a pilot phase, but research on its efficacy is expected in 2024 [42].

2.2.2. Academic Integrity Problems

There is significant concern that generative AI tools will facilitate high levels of cheat-
ing in higher education, undermining learning and academic honesty [43,44]. Although
cheating existed before ChatGPT [45,46], just two months after ChatGPT’s release, an
estimated one-fifth to over one-third of students reported using it, with the vast majority
believing they cheated using it [47]. Furthermore, as students become more familiar with
the technology, they also become more effective at using it.

Moreover, academic integrity problems may relate to employers seeing higher educa-
tion as a signaling device [48]. For instance, employers will only consider applicants who
graduated college and screen candidates by grade point average (GPA) [49]. As a result,
students could perceive that graduating with a degree and GPA that employers will desire
is more important than learning. This creates an incentive for students to cheat using AI.

HEIs can respond by reducing incentives to cheat, increasing the value of learning,
making it harder to cheat, or increasing the risk and consequences of getting caught. A
systematic review of cheating in online exams from 2010 to 2021 found several approaches
to reduce academic dishonesty before testing [50], such as strengthening student ethics,
bringing the learning goal of the exams to mind, and moving away from summative
assessments towards formative assessments. Instructors have modified their teaching and
assessment in response to technologies that make cheating easier, such as the calculator [45]
and Wikipedia [51]. However, with widespread AI usage, randomizing questions or
shifting toward essays becomes less effective. However, anti-cheating measures have
tradeoffs. For example, using online proctoring software may reduce cheating, but it also
costs money, causes technological difficulties, has false positives, and reduces student’s
privacy. The most common initial approach by schools was using AI detection software.
Unfortunately, AI detection software has an extremely high false positive and false negative
rate and flags the work of non-native speakers significantly more than their peers [52].
There is a need for clear policies to deal with academic integrity and plagiarism detection
challenges [53]. Therefore, HEIs must update their academic integrity policies, and faculty
must update their course syllabi to account for generative AI. For instance, some courses
could allow the creative use of generative AI and adjust assignments and assessments
accordingly, while others prohibit it. Overall, as AI advances, students may discover new
ways to cheat, and HEIs must take measures to deal with those challenges.

2.2.3. Faculty Research and Accelerated Scientific Discovery

AI, such as machine learning techniques, is increasingly used in science research, and
researchers are excited about its potential [54]. However, they are also concerned about the
quality of work and reproducibility of results [55]. Generative AI can support scholarly
work and faculty research productivity [56]. Such tools can support problem formulation,
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data collection, analysis, and writing [57], including research brainstorming, identifying
research questions, hypothesis generation [58–60], summarizing or conducting a literature
review, creating graphs from data, and drafting parts of manuscripts.

However, all those uses come with challenges, such as AI hallucinations (making
things up), accuracy, completeness, quality, and others. Moreover, the ease of creating
content using generative AI tools may increase academic misconduct or result in the mass
production of low-quality papers flooding journals and the established peer-review process.
Both would have significant negative consequences for scholarly publishing and research,
and journals are updating their editorial policies. For instance, science journals do not
accept text written by AI tools [61]. Ultimately, the authors are responsible for all aspects
of the research output, and they also need to be transparent about whether and how
they use AI tools. While conversational generative AI tools have the potential to play a
significant role in the research workflow, the details of the practical application of those
tools need to be clarified (Table 6 in [57]), and guidelines must be defined [58]. Overall,
AI can positively impact faculty research productivity, accelerating research and scientific
discovery [59,60,62].

2.2.4. Administration and Operations: Institutional Learning

Although our review of the literature on AI in higher education finds that the main
focus is student learning and teaching, other HEI areas can benefit from AI [63,64]. AI
can support the HEI administration at multiple levels, including departments and schools.
Moreover, admissions can use AI and data to target the right students and manage the
admission process to improve enrollments. Academic advisors can use AI to guide students,
improving student educational experience, satisfaction, and retention. AI can also support
career advising [65], internships, and job placements for students. Managing alumni
relations can be important for many HEIs, and AI helps manage the relationship. AI can
support IT, human resources, athletics, facilities, and operations [66]. For instance, the IT
department can use AI to automate tasks and workflows and lower the cost of managing
the IT infrastructure. Facilities can use AI to make infrastructure more intelligent, allowing
for efficiencies, remote management, and maintenance.

In summary, AI and data can help improve effectiveness and lower the operating
costs of all university areas. Many of those opportunities for improvement can be seen as
institutional learning. Therefore, an HEI can use AI to become a learning organization and
pursue continuous improvement while adapting to changes in its environment.

2.2.5. AI Risks and Ethics in HEIs

Generative AI has a long history [67], and while recent generative AI signifies progress,
we should be aware of its limitations [68–70] and discount the hype. For instance, LLMs
are probabilistic language modelers predicting how to continue the text based on patterns
learned from training data. They lack causal models of understanding the world, and
their outputs need critical evaluation. ChatGPT and related tools are designed to create
persuasive and authoritative output, even when they make things up, a well-known
problem called hallucination. This is a severe problem for education because the only
thing worse than not learning anything is learning the wrong things very well. AI-created
fake media, such as images and videos (deep fakes), will exacerbate learning and social
cohesion challenges.

In addition to clearly damaging misinformation, large quantities of poor-quality con-
tent are a problem for student learning. Humans have limited time and attention (cognitive
capacity), and those resources can be easily wasted in an environment where multiple
services compete for user attention (attention economy) using algorithms optimized for
user engagement. Moreover, poor-quality content from GenAI tools may pollute the Web,
affecting all users, including GenAI tools that use that content for training.

Algorithmic bias is another significant concern [71]. Algorithms may reinforce decision
biases when evaluating student work, admissions, job placements, etc. In a reinforcing
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feedback loop, bias in historical data drives algorithmic bias, which drives decision bias,
which leads to even more human bias and bias in the data.

In addition, AI in higher education also has a dark side related to data [72]. Data is an
essential resource for AI. The need for large quantities of data creates privacy, security, and
copyright risks. For instance, sensitive student data must be well protected. Confidential
data may leak if it is used to interact with publicly available AI chatbots. Malicious actors
can use AI for cyberattacks. Ignoring copyrights in model training is another issue, and
ongoing lawsuits may affect how future generative AI systems work [73].

Multiple ethical issues arise. The process of training AI models often utilizes cheap
global labor to label data, moderate content, or provide feedback, creating ethical concerns
about labor practices [74]. Increased complexity due to fast change, loss of control, manipu-
lation of behavior, dependence on tech firms, like OpenAI, controlling the AI platform, and
lack of transparency and accountability are other issues due to AI that may negatively affect
multiple areas of an HEI. Constant surveillance by AI [75] damages trust and meaningful
education [76]. Automation itself is a risk, if not well designed, because it could cause an
organization to do the wrong things faster and in an automated way while no one pays
attention. Accountability in AI-mediated education practices is an issue that needs to be
studied more [77]. The environmental impacts, carbon and water footprints, and energy
consumption of AI data centers are also concerning [78].

Organizations need to take measures to manage all these AI-related risks. The explain-
ability, transparency, and fairness [79] of AI decisions should be priorities in the design of AI
systems. Human oversight, critical thinking [80], and education on the responsible and ethi-
cal use of new tools [81,82] are vital. Learning analytic systems must be thoroughly audited
to ensure they are fair, transparent, and robust [83]. Generative AI tools, such as ChatGPT,
raise even more ethical challenges and call for stakeholder engagement and a systemic view
of the benefits and risks when applications are developed [81]. The UNESCO guidance
proposes the regulation of generative AI tools by government agencies and validation of
the ethical and pedagogical aspects of those tools by education institutions [82].

2.3. Jobs for Graduating Students

HEIs educate students who seek jobs after graduation. Therefore, the state of the job
(labor) market and the workforce needs of companies are crucial determinants of the value
of an HEI degree.

AI can be a tool that makes a worker more productive (AI augmentation) or an
automation engine that eliminates the worker’s job (AI substitution). Therefore, what jobs
and how will be most impacted by AI is a complex question [84–87]. A way to approach
that question is to think of a job as a set of tasks and consider how AI affects tasks. Then,
a job with many tasks automated or augmented by AI will be affected the most [88,89].
Our study aims to connect job market changes due to AI with the value created by HEIs
considering AI substitution and augmentation.

Generative AI can make knowledge workers more productive. Software developers
randomly assigned to use GitHub copilot, an AI coding assistant, completed their task 55%
faster than the control group [90]. Moreover, using GitHub Copilot improves other metrics,
such as developer job satisfaction [91]. College-educated professionals randomly assigned
to use ChatGPT in a writing task took 40% less time and produced 18% higher output
quality, and participants with weaker skills benefited the most [92]. Customer support
workers using generative AI achieve higher productivity but with significant heterogeneity
across workers, as novice and low-skilled workers benefit the most [93]. While AI can
help improve the effectiveness of consultants in many tasks, there are tasks in which AI
fails, implying that overreliance on AI can lower performance [94]; for instance, LLMs
hallucinate and sometimes do poorly in basic math.

Companies care about the optimal mix of humans and AI that maximizes the com-
pany’s performance. The interaction of companies’ needs and workers’ skills and pref-
erences will determine the effect of AI on employment outcomes. For instance, a recent
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study using data from a large online platform found that generative AI negatively affects
freelancers’ employment and earnings [95].

3. Methods

We introduce the systems approach, describe the typical CLD development process,
and explain the steps we followed to develop our CLD model.

3.1. Systems Approach and CLD

A systems approach calls for a holistic view of systems with multiple interacting parts
because the behavior of a complex system can only be understood by studying the whole
system [21,96]. A systems approach using a CLD is called systems thinking or qualitative
system dynamics [21,97,98]. The CLD is a causal system mapping tool [99] used to map
the structure of a system. It shows the causal feedback processes, or feedback loops, that
drive the dynamic behavior of a system. The process helps to visualize the interconnect-
edness of different system parts, externalize and explore mental models, and identify
leverage points for system change. In addition, building a CLD with the participation of
multiple stakeholders aids in visualizing the whole system and building consensus for
action [100]. From a practical standpoint, a CLD can help a manager anticipate and manage
dynamic complexity.

Developing a CLD to gain insight into a system has been widely used in multiple
applications across multiple fields [21,101]. Examples include understanding complexity in
organizations [102], business strategy [103], health systems [104–106], sustainability [107],
digital technologies and business models [108,109], pandemics [110], diffusion of innova-
tions, such as car-sharing [111], and many others. The systems approach has been used for
the study of several issues in higher education, such as university management and plan-
ning [112–114], quality management [115], the enrollment crisis due to demographics [116],
university funding [117], tuition inflation [118], program development [119], and others.

3.2. Development of a CLD

We built the CLD following the relevant literature on systems approach and qualitative
system dynamics methodology [21,98,120–123]. We defined the problem, identified key
variables (factors), and defined the system boundary. Then, we identified the rest of the
variables, the causal links between variables, and the feedback loops that emerged from
connecting the causal links. Making those feedback loops visible is a significant value of the
CLD modeling process. A feedback loop is reinforcing (a change in a factor amplifies via
the loop) or balancing (a change is dampened via the loop). The structure and interaction
of the feedback loops determine the system behavior through time. A CLD is, in essence, a
dynamic theory of the problem under study, and we want as many variables as possible to
be endogenous.

3.3. Steps We Followed to Develop Our CLD

Our study follows the standard process for developing a CLD described above, and
here we provide more study-specific methodological details. Our study relies on an exten-
sive literature review of our topic and our exploration of current AI-related developments
leveraging our domain expertise. Our domain expertise is more than 50 years of cumulative
experience in higher education.

Our objective is to create a high-level, holistic map of AI transformation in a typical
HEI, focusing on the processes that create value in the HEI and the impact of AI on those
processes. Therefore, the key variables we want to focus on are student learning (because
the primary mission of an HEI is to teach students), AI investment (because this determines
whether the HEI adopts and uses AI), and HEI reputation (because HEIs compete on
reputation [124,125]). Therefore, explaining how those key variables behave over time
is crucial.
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The definition of the system boundary is also driven by the problem we want to solve.
We decided to focus on the processes within the HEI and the primary interaction of the
HEI with its environment. This suggests three main processes: the AI industry that drives
AI advances that affect the HEI, the focal HEI that uses AI for transformation, and the
companies that offer jobs to students graduating from the HEI. These three overlapping
processes were identified after an initial review of the literature on AI and education, and
as a result of our study of current developments in the area. They define the boundary of
the system we will explore using our CLD.

After we defined our system boundary, we went back to expand and refine the litera-
ture review and organize the theoretical framework of our research (Section 2) according to
the three main processes we decided to focus on. That way, the organization of the theoret-
ical framework is aligned with the main model components. The theoretical framework
and the CLD constitute an integrated whole.

Like all models, a CLD is an abstraction of reality, and the theoretical framework
section is a crucial step toward building the CLD model. In addition to the key variables
mentioned above, all the CLD variables and their relationships were identified following
the three main overlapping processes in the theoretical framework. A complete list of
variables is presented in Table 1, and the relevant theoretical framework sections for each
variable are listed in parentheses.

Table 1. Model variables and their brief description (the relevant theoretical framework section is
listed in parenthesis).

# Variable Brief Description

1 AI R&D Total AI R&D leading to AI advances (2.1)
2 AI capabilities Capabilities of AI resulting from AI advances (2.1)
3 Business investment in AI Business sector investment in AI applications (2.1 and 2.3)
4 Total AI demand Total demand for AI in the economy (2.3)
5 Automation in business Level of business automation using AI (2.3)
6 Business benefit from automation The value businesses gain from AI (2.3)
7 HEI investment in education Level of HEI’s education investment (2.2)
8 HEI student learning Student knowledge acquisition in HEI (2.2.1)
9 HEI student job placement Successful HEI graduate employment (2.3)
10 HEI relative reputation Overall HEI reputation (perceived quality) (2.2)
11 Enrollment in HEI Total student enrollment in HEI (standard HEI metric)
12 HEI net revenues HEI revenue minus the costs (standard HEI metric)
13 HEI investment in AI HEI’s AI funding (2.2)
14 Learning analytics, tools, and data Level of learning analytics use in HEI (2.2.1)
15 Self-learning Independent learning by students (2.2.1)
16 HEI alumni network Size of HEI’s alumni network (2.2.4)
17 Alumni giving Level of alumni giving to HEI (2.2.4)
18 Total AI demand from HEIs Total AI needs by colleges and universities (2.2)
19 Academic integrity problems (student cheating) Violations of academic standards in HEI (2.2.2)
20 Measures to deal with AIPs HEI efforts against academic misconduct (2.2.2)
21 Data about AIPs Data about academic misconduct (2.2.2)
22 Research productivity Scholarly output by HEI faculty (2.2.3)
23 HEI operating costs HEI’s operational expenses (standard HEI metric)
24 Personalized recruitment and advising AI supported student recruitment and help (2.2.4)
25 Alumni engagement HEI engagement with alumni network (2.2.4)
26 Demand for AI-skilled workforce Business need for AI-skilled employees (2.3)
27 HEI teaching AI skills Quality of AI-related education in HEI (2.2.1)
28 Competitor reputation Reputation of HEI competitors (2.2)
29 AI investment by other HEIs AI funding by other colleges and universities (2.2)
30 AI risks Bias, security, and other AI risks (2.2.5)
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After several iterations of adding, refining, and building confidence that the CLD
maps what we know about the system, the validity of the resulting CLD model was further
established by feedback from three domain experts—a student, a faculty member, and a
university administrator—following [126]. This concludes the development of the CLD.

In the next section, we explain all the relationships between variables and present
the CLD model. We emphasize the important feedback loops and derive insights from
the feedback loops and their interactions. In addition, we evaluate policy interventions
(leverage points) qualitatively. This can be carried out because the CLD allows us to assess
how a change in one part of the system ripples through the whole system. The CLD is an
essential output of this research; other researchers and practitioners can use it as a starting
point for more exploration. Like all methods, the systems approach we use has limitations,
discussed in Section 4.2, alongside recommendations for future research that could address
those limitations.

4. CLD Model and Insights

The CLD model maps the causal mechanisms of AI transformation in a typical HEI
(Figure 1). A positive arrow signifies that the cause-and-effect variables move in the same
direction, while a negative causal relationship between variables is shown as a negative
arrow. Letters R and B denote reinforcing and balancing feedback loops, respectively. Our
model captures three interconnected processes: the AI industry that drives AI advances
that the HEI adopts, the focal HEI that uses AI for transformation, and the companies that
offer jobs to students graduating from the HEI.

We identified and analyzed 15 reinforcing (R) and 4 balancing (B) feedback loops that
define the structure of value creation in the HEI and its interaction with the business sector
and the AI industry. The CLD defines the system structure, which determines the system
behavior through time. The feedback loops are summarized in Table 2 and discussed below.

Table 2. Feedback loops and their brief description. Names of reinforcing loops begin with the letter
R. The letter B is for balancing loops.

Name Variables Brief Description

R1 1, 2, 3, 4 Business investment drives AI R&D and AI advances
R2 3, 5, 6 Benefits from automation drive business investment in AI
R3 7, 8, 9, 10, 11, 12 HEI creates value (and revenues) through quality education
R4 13, 14, 8, 9, 10, 11, 12 HEI invests in AI to improve learning
R5 2, 15, 8, 9, 10, 11, 12, 13, 18, 4, 1 AI facilitates students’ self-learning
R6 22, 10, 11, 12, 13 AI can support research productivity and HEI reputation
R7 22, 8, 9, 10, 11, 12, 13 AI supports research that contributes to student learning
R8 2, 13, 18, 4, 1 Advances in AI motivate the HEI to invest more in AI
R9 23, 12, 13 HEI uses AI to lower operating costs

R10 24, 11, 12, 13 AI supports admissions and student advising
R11 13, 25, 17, 12 HEI uses AI to support alumni engagement and giving

R12 26, 27, 9, 10, 11, 12, 13, 18, 4, 1, 2, 3, 5 HEI teaches AI skills as a response to business demand for an
AI-skilled workforce

R13 9, 10 HEI’s reputation and job placement reinforce each other

R14 9, 16 The size of the alumni network helps job placement, which grows the
alumni network

R15 20, 19, 8, 9, 10, 11, 12, 13 HEI benefits from measures to deal with academic integrity problems (AIPs)
B1 2, 19, 8, 9, 10, 11, 12, 13, 18, 4, 1 AI advances lead to more AIPs which hurts HEI
B2 19, 21, 20 HEI’s efforts to deal with AIPs
B3 5, 9, 10, 11, 12, 13, 18, 4, 1, 2, 3 The job-substitution effect of AI hurts HEI job placement
B4 30, 10, 11, 12, 13 AI risks can harm the HEI’s reputation
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4.1. Advances in AI Technology

We start with feedback loops related to AI advances (improved AI capabilities) in the
AI industry following Section 2.1. AI advances, such as generative AI and LLMs, create
opportunities for AI transformation in HEIs. The following two feedback loops capture the
main mechanism of AI advances.

R1: Due to AI research (R&D), AI capabilities improve and encourage more business
investment in AI, motivating the AI industry to invest even more in AI R&D.

R2: As AI capabilities improve, businesses invest more in AI, thus increasing business
automation. More automation benefits businesses and encourages even more investment
in AI.

Loops R1 and R2, supported by R5 and R8 discussed below, are the primary economic
forces driving AI advances. We focus on the AI transformation within the HEI next.
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4.2. Student Learning

We now focus on mechanisms within the HEI, starting with student learning following
Section 2.2.1.

The following loop, R3, is the most fundamental feedback process that creates value
for students and financially sustains a typical college or university.

R3: The HEI invests in quality education because it improves student learning and job
placement and positively affects the HEI reputation, ensuring enrollment and revenue.

The following feedback loop shows how AI investment by the HEI contributes to
student learning.

R4: The AI investment leads to better learning analytics, AI tools, and data, which
improve student learning, allow students to find good jobs, and build the HEI’s repu-
tation. A strong reputation contributes to healthy enrollments and revenues, enabling
more investment.

Another loop that affects student learning is R5, as described below.
R5: Advances in AI capabilities facilitate students’ self-learning, which improves

student learning.
A trade-off between formal learning (R4) and self-learning (R5) is apparent here.

Suppose students undertake an increasing amount of their learning through self-learning.
In that case, the position of the HEI is weakened over time because fewer students will be
interested in enrolling, or those enrolled will be asking for tuition discounts.

4.3. Student Academic Integrity Problems

The AI-assisted academic integrity problems might undermine the HEI’s business
model, as captured by loop B1, following Section 2.2.2.

B1: Better AI leads to more academic integrity problems (AIPs), such as student cheat-
ing, which negatively affects student learning, job placement, and the HEI’s reputation.

The HEI can use data about AIPs and AI to fight academic integrity problems, as
shown in loop B2.

B2: As AIPs increase, the HEI will increase its efforts to deal with AIPs, aided by
collecting more data about the problems.

It is in the HEI’s interests to invest in measures to deal with AIPs, as shown in R15.
R15: AI investment can support dealing with AIPs, and this improves student learning,

HEI reputation, and enrollments, enabling more AI investment.

4.4. Faculty Research

AI can support faculty research and contribute to further value-creation in the univer-
sity, as captured by feedback loops R6 and R7, following Section 2.2.3.

R6: AI investment supporting the research productivity of the HEI faculty has a
positive effect on the reputation of the HEI and leads to more robust enrollment numbers
and positive net revenue.

R7: AI investment supporting the research productivity of the HEI faculty adds value
to student learning due to research–teaching complementarity.

In summary, two mechanisms add value when AI investment supports faculty research.
Improved research productivity is positive for the HEI’s reputation (direct mechanism),
and better research can support innovative teaching (indirect mechanism).

4.5. HEI Administration and Operations

Following Section 2.2.4, AI can support HEI administration and operations in multiple
ways. The following feedback loops capture important mechanisms that add value to HEIs.

R8: Advances in AI motivate the HEI to invest more in AI.
R9: The HEI uses AI to lower operating costs, so there is a higher net revenue for

investments in quality education and AI supporting it.
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R10: The HEI uses AI to support admissions and improve new enrollment numbers,
student support, student retention, and graduation rates, thus increasing total enrollment
in HEI.

R11: The HEI uses AI to support alumni engagement and improve alumni giving.

4.6. AI Risks

Following Section 2.2.5, multiple AI-related risks (biased decisions, privacy, security,
and misinformation) can harm the reputation of HEI. This mechanism is captured by
feedback loop B4.

B4: Increased AI investment and adoption increase the risks of AI, which could harm
HEI’s reputation, hence harming enrollment and revenues.

The HEI must manage this feedback loop with risk prevention and mitigation measures.

4.7. Job Placement

We now focus on the interaction between HEI students looking for jobs and
businesses offering jobs (Section 2.3). The following three feedback loops capture the
main mechanisms.

R12: Business adoption of AI is an opportunity for job placement of students who
acquire AI-complementary skills. These skills are discussed in more detail later.

The job-substitution effect of AI manifests itself as a balancing loop (B3): Business
automation is a challenge for job placement because it lowers the number of available jobs.

R13: The HEI relative reputation and the student job placement reinforce each other.
R14: When the HEI does well in terms of student job placement, it enlarges its alumni

network, which is an opportunity for more extensive alumni giving (which helps all the
other investments), and also improves the job placements of new graduates.

4.8. AI Transformation and HEI Success

The model sheds light on the dynamic complexity of value-creation in an HEI and the
impact of AI. It identifies the precise mechanism through which an HEI creates value and
explains its success.

Job placement of students is a vital factor for HEI’s success. Students who graduate
from HEIs expect to find jobs, so job placement is a crucial factor in the system under
study. The CLD shows the pivotal role of an HEI’s student job placement because it affects
enrollments and revenues through several pathways (e.g., R3, R4, R7). Job placement
depends on student learning, an HEI’s relative reputation, and job availability. AI impacts
all three factors through several pathways, as shown in Figure 1. Therefore, the HEI needs
to make the best use of AI to prepare its students for a job market shaped by AI, while other
HEIs are likely to do the same, creating new AI opportunities and challenges over time.

AI helps the HEI improve the quality of its offered services (R4, R6, R10, R11) and
lower the cost of operations for a given level of service (R9). AI can help an HEI improve
learning and increase its reputation, student enrollment, and revenue through multiple
reinforcing loops (e.g., R3, R4, R7). The reinforcing feedback loops together work for
the benefit of a well-managed HEI. As long as AI keeps advancing, driven primarily by
business demand, the reinforcing feedback loops create a virtuous cycle for an HEI that
invests in AI and improves its reputation relative to its competitors. However, those same
loops will hinder any HEI that falls behind in the competitive higher education market
because HEIs compete on reputation. In that context, AI investments can help an HEI
differentiate itself and soften competition.

In addition, AI advances intensify academic integrity problems, a balancing loop (B1),
and if not adequately addressed, they may undermine learning and the associated benefits
for HEIs. A potential danger is education turning into a ‘market for lemons’ in the eyes of
employers, as employers cannot easily discern which students learned and which used AI
to cheat. In extreme cases, the employment market could collapse. Measures to fight AIPs
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can differentiate an HEI from others if AIPs become a significant problem in the higher
education sector.

In summary, AI rewires the feedback loop structure that defines how an HEI creates
value. Therefore, our study underscores the crucial role of AI feedback loops [22,108,127]
in the success of HEIs. Depending on AI investment and policies, an HEI can prosper
or decline.

4.9. Job Market Scenarios and HEI

In the business world, AI automation lowers the demand for labor (B3) but increases
the demand for new skills (R12). Successful HEIs adapt to these changes by teaching AI
complementary skills. In the long-term scenario where AI automates all or most of the
jobs, the current model of HEI collapses (see feedback loops R3, R4). HEIs, as we know
them today, may disappear if there is no demand for degrees, perhaps except for a small
number of elite HEIs educating the government and business leaders. Those HEIs that
survive and thrive will need models disconnected from degrees for jobs. They will need
to create value in other ways, perhaps teaching humans leisure skills, providing lifelong
learning training to humans (instead of intensive higher education degrees as we know
them today), or training and tuning AI systems in partnership with companies. If humans
are supported by a universal basic income (UBI) [3] due to the lack of jobs, then part of
that income could be support for lifelong learning, i.e., a universal basic lifelong learning
income (UBLI). Under this scenario, government support will be a source of revenue for
future HEIs.

An alternative long-term scenario is that AI will become a new platform for new types
of jobs, and there will be an enormous demand for people to fill those jobs (similar to jobs
in factories after the Industrial Revolution or office jobs with the adoption of computing).
In that case, the future of HEIs is bright, especially if the job market is very fluid and people
need multiple degrees over their lifetime.

4.10. Interventions

The model lets us see why and how an intervention propagates through the system.
For instance, increasing AI investment will be reinforced through multiple feedback loops
(R4, R6, R9, R10, R11, R15). An intervention that increases research productivity will be
reinforced in R6 and R7 and then in additional feedback loops, interacting with those.

A policy focused on cost-cutting at the expense of education quality risks placing the
HEI at a reinforcing decline trajectory due to R3 and other reinforcing feedback loops. If AI
is used to support such a policy, then AI will speed up the decline, whereby revenues keep
getting lower, and the HEI keeps cost-cutting until both approach zero.

Data is a valuable resource for the effective use of AI in HEIs (see, for instance, R4
and B2). Indeed, the more data the HEI collects about all areas (learning effectiveness, job
placement, alumni, reputation, admissions, student retention, etc.), the more effective its AI
can become. For an HEI, value comes from AI plus data. Therefore, interventions targeting
the accumulation of high-quality data can be powerful.

Interventions targeting one variable are not a system’s most potent leverage points.
More powerful leverage points include creating new desirable feedback loops and changing
the system’s rules or goals in a desirable direction [96].

In addition to the interventions explored here, other scholars can use our CLD as a
map for exploring additional policy interventions or scenarios.

5. Discussion

This article takes a novel complex systems approach to how an HEI creates value
and how AI affects those value-creation processes. The article explores the effects of
AI in higher education using a CLD, and it identifies multiple feedback loops and their
interactions. Next, we discuss implications for academic leadership and policymakers,
research limitations, and future research directions.
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5.1. Lessons for Academic Leadership

AI advances in the form of generative AI create several opportunities for AI trans-
formation, including the promise to bring HEIs closer to the vision of personalized AI
assistants that support students, faculty, and administrators. In that context, our research
provides a first map of AI causal mechanisms to help HEI leaders navigate an uncharted
landscape of opportunities and pitfalls.

Leaders can use the CLD to build intuition and evaluate the benefits and risks of
various scenarios and HEI policies. Our discussion of feedback loops in Section 4.10 is a
starting point in that direction, but many other policies can be evaluated.

A crucial question for academic leaders is what competencies and skills students will
need to find a job. Following our earlier exploration, students should avoid competing head-
to-head with AI. Instead, they need foundational human skills that AI lacks, such as critical
thinking, planning, complex problem-solving, creativity, lifelong learning, communication,
management, and collaboration. Students need to learn and think in ways that differentiate
them from machine learning. If AI becomes ubiquitous in firms, humans will need skills
that complement what AI can do well. That includes skills to build, train, deploy, use,
and manage AI systems, identify valuable use cases, devise AI strategies, lead teams or
companies, etc. Moreover, students need to acquire those AI complementary skills in a way
(quality, breadth, and depth) that allows them to compete effectively against other humans
seeking similar jobs. For instance, managers that use AI effectively may replace those that
do not.

HEIs need to monitor changes in the job market [4] and remain adaptive. For instance,
a recent study argues that LLMs can transform the role of a data scientist from coding and
data-wrangling to assessing and managing analyses performed by AI tools [128]. In that
case, skills related to strategic planning, coordinating resources, and overseeing the product
life cycle become more critical, and those teaching data scientists must adapt accordingly,
perhaps gradually over time.

The effects of AI on productivity and automation are also relevant to what happens
to jobs within HEIs. Will AI make instructors, administrators, and staff more productive
and their jobs more fulfilling? Will AI replace instructors, administrators, and staff in the
longer term? Multiple effects play a role simultaneously, and the specified time horizon
matters. However, a crucial framing question is as follows: What does the HEI want to
achieve with AI? The university’s policy and mission matters. For instance, a university
that does not grow and does not aspire to the highest learning standards may manage
with a few instructors, administrators, and staff, provided all those roles become more
productive, and many tasks are automated. However, a student-centered and human-
centered university that appreciates its people may be successful by providing a superior
education, differentiating itself from competitors focusing on cost-cutting.

A related issue is the future direction of AI. Our exploration suggests that the direction
of AI advances is not predefined [129], and the social responsibility of a university lies in
prioritizing how AI can empower humans by augmenting jobs rather than eliminating
them [130]. As a starting point, HEIs could focus on designing and adopting personalized
AI assistants for higher education, such as for faculty, students, staff, administrators
(including department chairs and deans), advising, and more. At the same time, there
is a need for careful integration of generative AI tools into education [131]; during the
COVID-19 pandemic, students suffered both academically and socially, and we re-learned
that education is a “deeply human act rooted in social interaction” (p. 7). Beyond the
boundaries of the education sector, HEIs could promote AI assistants for various roles (e.g.,
financial analyst, CEO) across all industries and teach students accordingly.

In that direction, our CLD suggests that a single HEI has very little influence over
the direction of AI, but multiple HEIs working together can have a meaningful influence.
Moreover, similar to the proposals in the healthcare industry [132], there is value in open-
source LLMs developed by a community of HEIs. Those insights suggest a trade-off for
an HEI: Investment in AI is a tool for getting ahead of its competition, but if it wants
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to influence the direction of AI meaningfully, the HEI needs to collaborate with other
HEIs. Along those lines, AI advances could support educational research that provides
novel, rigorously validated insights into teaching and learning methods that could benefit
all HEIs.

AI’s promise to accelerate research and scientific discovery is aligned with the
knowledge-creation mission of HEIs. However, in the longer term, only large tech compa-
nies may have the computing and data resources for complex, large-scale, and high-impact
science research, such as Google DeepMind’s AlphaFold for protein folding in biology [133]
and discovering thousands of new materials in material science [134,135]. As a result, HEIs
may be sidelined unless they partner with big tech companies, the research divide in higher
education may get bigger, and big tech firms may become the gatekeepers of consequential
research agendas.

Overall, AI promises several benefits but entails challenges, and ultimately, it depends
on what policy the HEI wants to follow and how it intends to position itself by leveraging
AI-enabled transformation while protecting itself from the associated pitfalls. Regarding
generative AI, HEIs deal with fast-changing technology and applications. Therefore, HEIs
need to be adaptive. It is advised to start with small-scale experiments by faculty, students,
and staff, then learn from that, aggregate the experiences and perceptions, allow for more
stability, and then plan and develop more comprehensive policies and guidelines. Leaders
must take a balanced and cautious approach. At this point, both businesses and HEIs are
exploring how to take advantage of the latest AI innovations. Generative AI is the current
novel tech, and it is natural that it has been overhyped and accompanied by an aura that it
will solve all of our problems. This pattern is typical in technology and tends to appear
every few years. AI can bring new benefits and challenges, but it cannot do everything. As
long as AI advances, HEIs and AI will co-evolve. Within that process, universities could
also learn from partnering with AI firms or other universities.

The complexity associated with the rapid adoption of AI underscores the need for
academic leaders who are system thinkers. They must study the feedback loops that define
the value-creation structure and determine the system behavior. Moreover, AI can bring
a substantial restructuring by creating new feedback loops, rewiring existing ones, and
strengthening or weakening others. Leaders should aim to leverage those feedback loops
for their benefit. A systems approach appreciates complexity, takes a whole-system view,
understands that system behavior over time is often non-trivial and counterintuitive, and
considers the unintended consequences. For instance, an overreliance on cost-cutting
approaches can place an HEI into a self-reinforcing decline. Another underappreciated
systemic risk arises from uniformly adopting identical AI models and practices across all
HEIs, escalating academic competition.

5.2. Limitations and Future Research Directions

This article provides the first holistic map of AI transformation in HEIs. Future work
could enhance and refine that map or go deeper into specific aspects of the map. While the
level of analysis here is an HEI, future research could be more micro-focused, taking an
in-depth look into particular aspects of a university. An example would be exploring the
details of various learning methods and their impact on learning outcomes. Alternatively,
future research could be more macro-focused, using the higher education sector as a unit
of analysis.

At the sector level, ‘superstar effects’ may be significant in the longer term. A
global education marketplace and ubiquitous online access create positive feedback loops
where the positive reputation of a school, program, course, or instructor keeps
increasing. As a result, superstars may emerge, similar to superstars in the sports or
entertainment industries.

Our model suggests that the AI industry plays a significant role because it drives
AI advances affecting businesses and HEIs. More work is needed on how established
and startup tech and edtech companies affect the broader transformation of the higher
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education sector. More generally, higher education has a lot to learn from other sectors,
such as media and advertising, already transformed by AI and related digital technologies,
and this has to be a topic of rigorous future research.

Future dynamic research needs to explore the ethical implications of AI in education,
examine the long-term effects of AI on student learning outcomes, or investigate AI’s role
in promoting inclusivity and accessibility in higher education. Another promising direction
is to consider and evaluate novel business models for higher education.

Future research could study various scenarios or interventions in more detail. For
instance, potential decreases or a plateau in AI capabilities through regulations, limitations
of current AI approaches, another AI winter, black swan events, or otherwise, could
cause significant economic shocks to HEIs and businesses. Approaches to prevent ‘lemon
market’ effects, including exit exams, micro-certifications, and employment tests, should
be examined. Future educational advances, like customized courses and AI tutoring, will
need to be studied empirically.

Because generative AI lowers the cost of knowledge tasks [93], it can have a crucial im-
pact on higher education. In essence, HEIs manage knowledge: they create new knowledge
via research, deliver knowledge to students via teaching, and assess learning by asking
students to perform knowledge tasks, such as essay writing. Future research could benefit
from a thorough exploration of such a knowledge perspective.

Methodologically, the current article focuses on a CLD, or qualitative system dynamics.
This does not allow for quantitative evaluation of policy interventions and planning. A
natural next step is developing and analyzing quantitative models to derive additional
insight into AI in higher education. For instance, a natural next step is to build a system
dynamics simulation using a stock-and-flow model. Such a model could consider additional
extensions, such as endogenizing HEI competition. However, one could also use other
computational modeling approaches, such as agent-based, or analytical modeling, if the
aim is to develop a simplified model.

6. Conclusions

This article presents the first causal loop diagram of the AI transformation in HE,
providing a holistic view of how important variables interact to drive AI investment and
impact. We show that several reinforcing and balancing AI feedback loops work together
to impact value creation in an HEI that interacts with companies that provide jobs and
the AI industry that drives AI advances. The model shows that the HEI invests in AI to
improve teaching, research, and administration. Still, it must adapt to changes in the job
market and take measures to deal with academic integrity problems. Student job placement
is a crucial factor for the sustainability of the HEI model. Therefore, the HEI needs to
emphasize AI complementary skills for its students. However, HEIs face a competitive
threat and several traps that may lead to a decline. For instance, HEI policies focusing on
excessive cost-cutting may reinforce its decline. In the long term, the current HEI model
will not be viable if AI automation in companies becomes increasingly labor-displacing.

The article makes several contributions. It provides a systemic view of AI in education
and proposes that academic leaders should become system thinkers to benefit from AI
opportunities. It contributes to our understanding of the AI transformation of higher educa-
tion from a complex systems perspective that focuses on the etiology and the consequences
of AI-transformed value creation in HEIs. The article integrates systems thinking and
economic concepts and contributes to higher education economics and strategy. More-
over, it contributes to our thinking of how AI can support the sustainability of HEIs and
high-quality education, which is one of the UN’s Sustainable Development Goals. Another
significant contribution is connecting the HEI model affected by AI with job market factors,
also affected by AI. Still, a systems approach to higher education suggests that we are just
starting to explore the impact of AI on that sector. Therefore, the article outlines several
directions for future research on AI transformation and provides a basis for developing
quantitative models.
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