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Abstract
Generative AI (GenAI) presents societal and ethical challenges re-
lated to equity, academic integrity, bias, and data provenance. In
this paper, we outline the goals, methodology and deliverables of
their collaborative research, considering the ethical and societal
impacts of GenAI in higher computing education. A systematic liter-
ature review that addresses a wide set of issues and topics covering
the rapidly emerging technology of GenAI from the perspective
of its ethical and societal impacts is presented. This paper then
presents an evaluation of a broad international review of a set of
university adoption, guidelines, and policies related to the use of
GenAI and the implications for computing education. The Ethical
and Societal Impacts-Framework (ESI-Framework), derived from
the literature and policy review and evaluation, outlines the ethical
and societal impacts of GenAI in computing education. This work
synthesizes existing research and considers the implications for
computing higher education. Educators, computing professionals
and policy makers facing dilemmas related to the integration of
GenAI in their respective contexts may use this framework to guide
decision-making in the age of GenAI.
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1 Introduction
The need to incorporate an ethical and societal perspective into
higher computing education’s adoption of Generative AI (GenAI)
technologies is pressing. Moshe Vardi (former CACM editor [348]
has bewailed the discipline and profession’s disturbing absence
of concerns over ethics. In adding a higher computing education
perspective to these concerns we echo the views of Biesta [42] “We
must expand our views about the interrelations among research, pol-
icy, and practice. Furthermore we need to keep in view education, as
a thoroughly moral and political practice, requires continuous demo-
cratic contestation and deliberation” [42]. GenAI has a wide range
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of impacts on how we access and use information, particularly in
educational settings [114]. These impacts extend to society and
include impacts on intellectual and creative works and the poten-
tial infringement of authorship. Differences in institutional GenAI
policies (and in funding) may create unequal access to AI tools, the
potential disparity in student knowledge of AI tools, responsible
uses of AI tools, ethical questions about AI tools, and uneven stu-
dent knowledge of the benefits and limitations of AI tools. GenAI
introduces questions concerning academic integrity, bias, and data
provenance [78, 81]. The training data’s source, reliability, veracity,
and trustworthiness may be in doubt, creating broader societal
concerns about the output of the GenAI models.

Given the rapid proliferation and adoption of GenAI, along with
its ethical and societal impacts, and the critical role that higher
education computing plays at the intersection of education, indus-
try, digital governance, and socio-technical ecosystem, we aim to
answer the following research questions:
RQ1 In what ways does GenAI impact higher computing educa-

tion through the lens of ethical and societal impact?
RQ2 In what ways does GenAI affect the socio-technical dynamics

of higher computing education institutions?
RQ3 What are the implications (e.g. challenges, opportunities,

limitations) of integrating GenAI in higher computing edu-
cation?

As an Innovation and Technology in Computer Science Edu-
cation (ITiCSE) working group, our collaborative research team,
comprised of 12 individuals from eight different countries (Australia,
Canada, Italy, Jordan, New Zealand, Uganda, the United Kingdom,
and the United States), was organized into three collaborative sub-
groups ("literature review", "policy evaluation", and "framework
formulation"; see Fig. 1). The research questions above are explored
through the development of the three key deliverables of this paper:

• A systematic literature review that addressed a wide set
of issues and topics related to GenAI from the perspective of
its ethical and societal impacts in the context of computing
education. Key databases (ACM, IEEE, Scopus) were initially
searched for terms including higher education, computing
education, and GenAI. After filtering and focused reading,
a final set of papers were then analyzed in depth to extract
and report their ethical and societal impacts.

• A global perspective and evaluation of university poli-
cies on the adoption and guidelines for use of GenAI for
computing teaching, education and research.

• TheEthical and Societal Impacts Framework (ESI- Frame-
work), a metacognitive guide to analyze, probe, and interro-
gate the ethical dilemmas associated with the use of GenAI
in higher education. We intend for the ESI-Framework to
inform practice and guide decision-making for educators,
computing professionals, and policy makers as they navigate
the integration of GenAI in their contexts.

As a working group, we were supported through the Association
for Computing Machinery Education Advisory Committee’s (EAC)
taskforce on the Ethical and Societal Impacts of GenAI in Higher
Education. We align our work on this paper with the goals of this
ACM EAC taskforce, which has hosted quarterly webinars related
to current issues, questions, and approaches that higher education

institutions have taken to address the ethical and societal impacts
of computing [352]. We also connect this paper to the the ACM
Code of Ethics [119].

2 Literature Review
We conducted a systematic literature review (SLR) [188] to address
the growing use and integration of GenAI in computing education
from the perspective of its ethical and social impacts. Although
cognitive and pedagogical aspects have been investigated in previ-
ous working groups [278, 280], these ethical and societal impacts
have received limited attention in the literature to date [68]. Yet,
their breadth is very wide: cf. for example the computing ethical
education framework developed by Martin et al. [227], and the
broad range of topics concerning computers and society, classified
by Baecker [30] under: Opportunities: computer applications; Risks:
technological threats; Choices: challenges for society.

Given the breadth of topics and the large number of papers
(~2500) on GenAI in computing education, framing the literature
review has posed challenges. A guiding protocol has necessar-
ily evolved as the work progressed by consensus between the re-
searchers in the literature review subgroup.

2.1 Methods
We posed three research questions, of which RQ1 and RQ3 are
addressed in this literature review section.

To execute our literature review, we engaged in the following
process: 1) developed a search string, 2) selected databases to search,
3) applied automated screening based on page count, 4) defined
a filtering approach based on inclusion and exclusion criteria, 5)
developed a coding scheme, and then 6) coded the research papers.

Given the breadth of the literature review and the ambiguity of
how ethical issues are discussed, we faced a tension between need-
ing to retrieve a broad and representative sample while ensuring
that the filtering process remained tractable. For example, using
overly narrow terms, like ‘ethics’ and ‘society,’ would potentially
miss relevant papers that use more nuanced terms to describe these
concepts. However, having a less constrained search term might
produce too many papers to review manually. Wohlin [360] further
describes this tension between these two competing priorities:

• Very difficult to formulate good search strings,
terminology used is not standardised and if
using broad search terms, a large number of
irrelevant papers will be found in the search.

• The latter creates substantial manual work
that also is error-prone.

Our team decided to err on the side of over-including papers
and doing a more extensive manual filtering of the returned pa-
pers. Inspired by a recent working group [280] that conducted a
systematic literature review of GenAI, we scoped our search using
the following criteria:

• Domain: Computing education
• Topic: Generative AI
• Context: Higher education
• Focus: Ethical and societal impacts
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Figure 1: Working group organization.

We searched for papers based on the first two criteria (i.e., do-
main and topic) and then filtered those papers based on the last
two criteria (i.e., context and focus). This enabled us to retrieve a
broad sample of initial papers, then more carefully remove papers
that were not about higher education or did not contain ethical or
societal impacts. This open-endedness helped to account for the
ambiguity in how these topics are discussed within the papers.

2.1.1 Search String Construction. We conducted the search string
based on the Domain and Topic to ensure a broad set of initial
papers. The final search string focused on the domain and topic
using the following keywords for each:

• Domain: “computing education” OR “computer science ed-
ucation”

• Topic: “generative AI” OR “large language model” OR “llm”
OR “chatgpt”

• Filter on Publication Date: Since 2020

These were combined to create the following search string:

Search String = Domain AND Topic with
FILTER Publication Date

This search string partially aligns with the classic PICO approach
for systematic literature reviews [36], where the Domain and
Context effectively addressed Population of the PICO elements,
and Topic addressed the Intervention and Outcomes of the PICO
elements.

2.1.2 Search String Validation. Six key papers [122, 146, 262, 279,
282, 374] were initially identified and served as validation for the
search strings. All of the key papers were returned using the above
search string.

2.1.3 Databases. Aligned with recent systematic literature reviews
in computing education research [278, 280, 375], we searched the
ACM Digital Library, IEEE Xplore, and Scopus to ensure a broad
and representative set of papers. A filter was applied to include
papers published in 2020 and after. The search returned a total of
3,829 references from all three databases. The process is outlined
in Figure 2.

2.1.4 Paper Filtering Process. As shown in Figure 2, the papers
were removed if they did not align with the inclusion and exclusion.
This filtering process occurred in two stages. In the first stage,
papers were marked as ‘include’ or ‘exclude’ based only on the
abstract and title. At the second stage, papers were removed based
on a focused read, where a researcher read the paper to identify
whether a code could be applied.

Papers were excluded according to the exclusion criteria (EC):
(1) less than or equal to 3 pages, OR
(2) not written in English, OR
(3) the type of publication is a table of contents or entire con-

ference proceedings, OR
(4) a literature review or policy report, OR
(5) a duplicate between databases.
Papers were included according to the inclusion criteria (IC):
(1) the topic is on the impacts of GenAI, AND
(2) the domain is computing education, AND
(3) the population is higher education.
Papers that were excluded because they were either literature

reviews or policy reports, were retained for a separate analysis for
developing the framework (Section 4.1).

2.1.5 Ethical and Social Impact Codes. An initial set of ethical and
societal impact codes were adopted, based on the topics identified
by Martin et al. [227]: Quality of life; Use of power; Risks and
Reliability; Property Rights; Privacy; Equity and Access; Honesty
and Deception.

As the coding process progressed, a further set of inductively-
derived ethical and societal codes from our educational context
was added to the initial deductive set derived from the earlier work
of Martin et al. [227]. These codes emerged after initial code cal-
ibration between working group members, and the papers were
recoded:

• Computing Ethics and Professionalism
• Sustainability
• Multiple ethical issues
• Maleficence (Negatively impacts learning)
• Beneficence (Positively impacts learning)
• Educational Insights
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Figure 2: The paper filtering process during the literature review.

This evolving definition of the terms relating to ethical and social
impacts of GenAI in our context, validated the decision to derive
them empirically from the data rather than predetermining the
scope through a more tightly defined search string. These new
social and ethical codes which emerged reflected: a) the broader
educational and professional focus of ethics (rather than single
topic) in some papers (such as those focused on ethics courses);
b) the increasing concerns about the sustainability of emerging
technologies such as GenAI [67]; c) papers which covered multiple
ethical and social issues; d) negative impacts on learning; d) positive
impacts on learning; and e) insights about how GenAI impacts
students and classroom environments. A paper was coded under
educational insights if it

• investigates how learners use GenAI tools, OR
• discusses both improvements and impediments to learning,
and offers insights into how best to leverage GenAI for edu-
cation, OR

• has a focus on changes to curriculum, OR
• claims that it saves time for students without other evidence
of impact on learning, OR

• discusses implications for students’ future careers.
During the coding process, two other themes emerged, including

Teaching Resources and Teaching Practices. Nevertheless, these
studies did not explicitly discuss the ethical and societal impacts of
GenAI, and were thus removed. This resulted in a final set of 293
papers (see Table 11).

2.1.6 Coding and Extraction. The full text of papers meeting these
criteria were reviewed to extract codes on ethical and societal im-
pacts, courses, and programming languages that were involved in
the studies. This set of papers will be referred to as the initial coded
set. Only a single code was applied for each paper based on which
was deemed most salient. If multiple ethical and societal issues were
discussed without a single focus, it was coded ‘multiple’. In the case
of courses, if a study involved multiple courses, it was coded as
‘multiple’. If the course context was not mentioned in the article, it
was coded as ‘none’.

2.1.7 Refined Analysis and Extraction. Since a few literature re-
views have focused on the impact of GenAI on teaching and learn-
ing in computing education [55, 61, 273, 279, 283, 288, 326], we
excluded papers that were coded as ‘negatively’ or ‘positively’ im-
pacts learning in the refined analysis and extraction. In addition,
we further excluded papers if their discussions on ethics were not

based on their empirical data. This set of papers will be referred
to as the refined set. We extracted the quotes that directly answer
RQ1 and RQ3 from the refined set. Each paper has a primary ethical
code, but can be extracted for multiple ethical themes if identified
as relevant. For papers coded as educational insights, a second itera-
tion of coding was conducted, to extract any further ethical issues
explicitly identified in the paper. This analysis is presented under
the section on ethical and societal impacts below.

2.2 Results
Here we present the results of our analysis of the data collected
from the systematic literature review. We first present the analysis
of the review studies, then quantitative analysis of the initial coded
set, and finally our extraction of ethics from the refined set.

2.2.1 Other reviews of GenAI in computing education. During the
filtering process of the systematic literature review we identified
94 review studies. These were not included in our SLR final dataset
but were considered important to analyze to identify any gaps in
the literature. Applying our inclusion criteria:

• Domain: Computing education
• Topic: Generative AI
• Context: Higher education
• Focus: Ethical and societal impacts

We filtered these papers based on the first three criteria. This
resulted in six review studies. There were a further six reviews
where the papers were mostly but not exclusively set in the Higher
Education (HE) context. The details of these papers are shown in
Table 1.

Of the six reviews that addressed the use of GenAI in computing
education in the higher education context, only three discussed
ethical issues. This result echoed the concerns about the computing
discipline and profession expressed by authors such as Vardi [348]
and Ozkaya [260], and more broadly about education as a moral and
ethical site by Biesta[42]. The earliest review foundwas a systematic
literature review (SLR) by Prather et al. [278], which investigated
the use of GenAI in Higher Education. That SLR resulted in a set of
71 papers from the ACM Digital Library, Taylor & Francis Online,
IEEE Xplore databases. The results of the analysis showed a strong
emphasis on work reporting the capabilities of the GenAI tools.
The authors discuss the potential impact of GenAI on computing
education practice and ethical issues raised by the use of GenAI in
computing education, framed by theACMCode of Ethics. An SLR by
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Cambaz and Zhang [55] resulted in a set of 21 papers from the ACM
Digital Library, Scopus, and Google Scholar. The review focused on
the teaching and learning practices in programming education that
utilized LLM-based code generation models. The review found that
the most commonly reported uses of LLM-based code generation
models by teachers were generating assignments and evaluating
student work, while for students, the models function as virtual
tutors. Regarding ethical concerns, the review identified risks to
academic integrity from misuse of the models and risks for learning
due to errors in generated content or over-reliance on the models
by students. The authors conclude that LLM-based code generation
models can be an assistive tool for both learners and instructors
if the risks are mitigated. An SLR by Liu et al. [208] resulted in 46
papers from Web of Science (WoS), Springer, Google Scholar. The
review explored the educational applications and research on AI-
assisted programming technology. The findings provide evidence
for the value of AI code-generation tools while also showing their
technical limitations and ethical risks.

Two reviews of GenAI in computing education in the higher
education context discussed societal issues, focusing on the impact
of the use of GenAI on learning and the implications for future
work in industry. An SLR by Prather et al. [280] resulted in a set of
71 papers from ASEE Peer, arXiv, Scopus, ACM Digital Library, and
IEEEXplore. The review investigated the use of GenAI in computing
classrooms. The results were triangulated with a survey of educa-
tors and industry professionals and interviews with educators and
researchers to give an in-depth understanding of what is happening
on the ground in computing classrooms. An SLR by Gaitantzi and
Kazanidis [108] resulted in 31 empirical studies fromGoogle Scholar
and Scopus. The review investigated how AI applications support
teaching and learning in computer science, with a focus on database
education. The review identified a shift in programming education
where changing practices in industry due to the increasing use of
AI in software development had prompted "a need to align curric-
ula with evolving industry expectations". The review concluded
that "careful integration of AI tools can complement traditional
instruction, emphasizing the critical role of human educators in
achieving meaningful and effective learning outcomes." However,
the review highlighted the limited research in GenAI applications
in database-related research.

The remaining review of GenAI in computing higher education
was a scoping literature review by Humble [149], resulting in 129
papers from the Web of Science and Scopus databases. A SWOT
analysis was used to identify strengths, weaknesses, opportunities,
and threats with the use of GenAI for computing education. The
findings highlighted several challenges posed by GenAI, such as
potential biases, over-reliance, and loss of skills, but also several
opportunities, such as increasing motivation, educational transfor-
mation, and supporting teaching and learning.

The six other reviews of GenAI in computing education were
not set exclusively in the higher education context. None of these
discussed ethical or societal issues.

The literature reviews of GenAI in computing education that we
found were focused mostly on investigations of programming or
software engineering courses. In addition, there has not yet been a
literature review that provides an in-depth analysis of the ethical
and societal aspects of GenAI. We fill a critical gap by reviewing

across different courses and with a focused analysis on ethical and
societal impacts.

2.2.2 Descriptive Statistics. There is a global disparity in the distri-
bution of scholars contributing to this topic (Figure 3). The US has
the highest number of non-unique authors affiliated (550), followed
by New Zealand (87), Canada (71), Finland (70), Germany (67), and
India (63). Of the 66 countries with at least one author contributing
to the field, 41 have fewer than 10 non-unique authors. A significant
gap is observed in the Continent of Africa.

Figure 4 summarizes the count of the courses investigated in
the initial coded set of 293 studies. The majority of the studies
are in Programming or Introductory Programming courses that
account for 41% of all the studies. There are 36 papers that did not
specify in which courses the studies were carried out, and 22 studies
investigated multiple courses. About 7% of the investigations are in
Software Engineering and 3% in Data Science courses. Most other
courses have a count of 1 to 3.

There are mixed views about the impact of GenAI on computing
education, where 71 studies found GenAI mostly contributing to
learning, 19 reported negative affects on learning, and 70 captured
varied perspectives (Figure 5).

A high percentage of the studies in Introductory Programming,
Algorithms and Data Structures, and Computer Science courses
reported that the use of GenAI mostly contributes to learning (Fig-
ure 6). For studies that reported programming languages, the major-
ity involve Python, followed by Java (Figure 4). Studies in Software
Engineering and Programming courses had equal contributions to
two major themes, mostly contributing to learning and educational
insights. Similarly, investigations that are based on multiple courses
also map to these two categories. Studies that did not report specific
courses investigated multiple ethical and societal impacts, including
honesty and deception, risks and reliability, mostly contributing
to learning, educational insights, as well as multiple themes. The
theme on ‘negatively affecting learning’ was reported from Pro-
gramming and Intro Programming courses.

2.2.3 Dilemmas in Computing Education. Synthesizing these stud-
ies tallied in figure 5, dilemmas faced by students, educators, and
institutions surface, and tensions emerge within individual deci-
sions or between different communities.

Students use GenAI for a variety of tasks, including content gen-
eration, problem-solving, debugging, conceptual understanding,
and exam preparation [25, 308]. For students, personalized learn-
ing and increased productivity were reported as the predominant
benefits of GenAI [291, 331]. Students are also aware of problems
associated with the use of GenAI, such as hallucination, overconfi-
dence, and over-reliance [308]. Regarding honesty and deception,
students may make a conscious decision to commit an academic
offense when they are under significant pressure to meet dead-
line [25]. This leads to a tension between students’ decisions and
institutional policies, as a study reported that 50% of anonymized
students admitted to including AI-written code for assignment
submissions even when AI use was prohibited [291].

Educators see both advantages and disadvantages associated
with GenAI in computing education. The advantages are opportu-
nities for higher levels of learning outcomes, personalized learning,
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Table 1: Review Studies of GenAI in Computing Education.

Year Title HE/HE+ Method Papers Cite

2023 The Robots Are Here: Navigating the Generative AI Revolution in Computing
Education

HE SLR 71 [278]

2024 Exploring Human-Centered Approaches in Generative AI and Introductory HE+ Scoping Review 28 [326]
Programming Research: A Scoping Review

2024 Navigating the Pitfalls: Analyzing the Behavior of LLMs as a Coding Assistant HE+ SLR 72 [273]
for Computer Science Students

2024 Risk management strategy for generative AI in computing education: how to HE Scoping Review 129 [149]
handle the strengths, weaknesses, opportunities, and threats?

2024 Toward Artificial Intelligence-Human Paired Programming: A Review of the HE SLR 46 [207]
Educational Applications and Research on Artificial Intelligence Code-
Generation Tools

2024 Use of AI-driven Code Generation Models in Teaching and Learning HE SLR 21 [55]
Programming: a Systematic Literature Review

2025 A Bibliometric Exposition and Review on Leveraging LLMs for Programming
Education

HE+ Bibliometric 195 [283]

2025 A Systematic Literature Review of the Opportunities and Advantages for HE+ SLR 24 [61]
AIGC (OpenAI ChatGPT, Copilot, Codex) in Programming Course

2025 Beyond the Hype: A Comprehensive Review of Current Trends in Generative HE SLR 71 [280]
AI Research, Teaching Practices, and Tools

2025 Generative AI in Computer Science Education: Insights from Topic Modeling HE+ Literature Review 151 [10]
and Text Network Analysis

2025 Large Language Models in Computer Science Education: A Systematic Litera-
ture Review

HE+ SLR 125 [288]

2025 The Role of Artificial Intelligence in Computer Science Education: HE SLR 31 [108]
A Systematic Review with a Focus on Database Instruction

1HE indicates Higher Education and HE+ indicates the review was not exclusively in Higher Education

Figure 3: The geographical distribution of author affiliations.

timely feedback, and alternative assistance [155, 357, 374]. Never-
theless, if students do not use these tools correctly, it will create
disadvantages in their further studies or competitiveness in their

future workplace. To ensure that students have the skills to succeed
in their future journey, educators either came up with solutions
to detect the misuse of GenAI, or modify learning outcomes [291].
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Figure 4: The bar chart on the left shows the frequency counts of courses. The bar chart on the right shows the frequency
counts of programming languages. Only those with frequency count larger than 1 are included.

Figure 5: A barchart showing the frequency counts of each
code. Only one code was applied per paper.

However, the current AI detection tools are not 100% reliable. If
students are wrongly accused, other ethical and societal issues arise.
However, if students’ inappropriate behaviors are not corrected and
they do not achieve the learning outcomes (which is now harder
to evaluate), they will face consequences later down the road. Cur-
rently, many educators do not teach students how to correctly and
responsibly use GenAI, or they lack the tools or did not find time
to teach students these aspects [291].

While GenAI provides multiple opportunities for teaching and
learning, dilemmas and tensions arise. It cuts across different social
levels Martin et al. [227], radiating from the individuals, to student
groups, classrooms, institutions, professional workplaces, and a
broader society. Implications can be different for the current status
compared to the future status. A framework needs to be developed
to guide individuals or institutions to make informed and responsi-
ble decisions, and consider how current actions may lead to future
consequences.

2.2.4 What Are the Ethical and Societal Impacts? Most of the ana-
lyzed papers in the refined set focused on the impacts (elaborated
below) on honesty and deception, while fewer papers contributed
to the understanding of how GenAI impacted equity and access,

risks and reliability, sustainability, computing ethics and profession-
alism, use of power, privacy, and property rights (Figure 5). This
section presents results from the in-depth coding of the refined set
of societal and ethical related papers (Table 2).

Ethical Concern Citation
Honesty and Deception [32, 40, 41, 43, 49, 51, 62, 83, 98, 99,

104, 126, 129, 130, 143, 161, 164, 174,
180, 184, 198, 202, 221, 224, 256, 264,
265, 267, 269, 279, 289, 291, 294, 296,
299, 303–305, 316, 324, 332, 354, 355,
368, 374]

Risks and Reliability [16, 35, 80, 178, 206, 218, 282]
Equity and Access [39, 146, 165, 279, 281, 349, 374]
Privacy [3, 54, 276, 308, 324, 347]
Property Rights [54, 194, 313, 324]
Use of Power [181, 346]
Sustainability [242, 244]
Computing Ethics and
Professionalism

[54, 93, 293]

Table 2: List of papers included for refined ethics analysis.

Honesty andDeception. The largest number of papers (45) cov-
ered aspects of honesty or deception, and most did so in the context
of academic integrity and cheating. Many papers discussed stu-
dent use of GenAI for learning and assessment, with unauthorized
use of GenAI tools and increasing academic integrity incidences
impacting learning and fairness. From the teaching perspective, a
number of papers discussed the challenges that GenAI presents
to teaching programs, particularly regarding how to incorporate
GenAI into teaching and assessment and how to discourage the
increased levels of cheating that the GenAI tools afford. A number
of papers investigated the potential of AI for making cheating easier
and the challenges in detecting cheating.

While acknowledging benefits to students’ learning from pro-
ductive uses of GenAI, unauthorized use of the tools for learning
tasks and assessment was of widespread concern [278]. There was
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Figure 6: A Sankey diagram showing the mapping between courses and ethics. The edges represent connections with more than
three pairs.

a general perception and evidence from a number of studies that,
since the advent of GenAI, there has been a rise in incidences of
academic dishonesty. With the free and accessible GenAI tools,
students now have an easy way to produce solutions that cannot
be detected using common approaches [41]. Richards et al. [296]
compared this situation with the use of essay mills, proposing that:

...the deployment of ChatGPT provides a new and
distinct method for cheating, drives the financial cost
to zero, greatly reduces the likelihood of being ac-
cused of plagiarizing content, and has reduced the
time needed to produce scripts to a few minutes. Un-
like essay mills, the speed and availability of ChatGPT
allows its use in remote examination environments.
(p.5:27)

GenAI presents students with ethical dilemmas about how and
when to use the tools for their learning and assessment. Several
papers illustrate these tensions. A study involving interviews of
instructors and students by Zastudil et al. [374] found that all in-
structors expressed concerns about students using GenAI tools
inappropriately, while students reported their willingness to use
GenAI to cheat on an assignment when they don’t see the value of
the assignment. In another study by Randall et al. [291], a survey
of software engineering students found that 47% of the surveyed
students claimed they would likely use GenAI tools for university
work even if their usage had been banned.

A lack of clarity about the acceptability of practices further ex-
acerbates these dilemmas. A survey of computer science students
(n=70) by Rogers et al. [299] found that a concerning number of stu-
dents believe it is acceptable to use ChatGPT to provide answers in
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exams (20%) or solutions for assignments (41%) – practices that are
not permissible in many computing education contexts. Surveys
by Keuning et al. [184] over three consecutive teaching periods
found that an increasing number of students considered it ethical
to auto-generate and submit an entire assignment without under-
standing it. Whereas a study (n=57) by Prather et al. [278] found
consensus among academics that submitting an auto-generated so-
lution without understanding to be unethical; however, there were
differing opinions about the ethics of this practice when students
possessed a full understanding of the generated code or wrote the
code in a different language and then translated it into the language
of instruction.

Students are further challenged by the nature of the GenAI tools,
which do not provide information on the source of the information
that is retrieved. As a result, students who use the tools for their
assessable work are at risk of accidental plagiarism [304]. A study
by Bikanga Ada [43] found that over half the respondents were
concerned about accidentally plagiarizing when using ChatGPT.

Inappropriate or dishonest use of GenAI poses considerable risks
to student learning. While tools such as ChatGPT and Codex of-
fer instant solutions, by using these tools to solve learning tasks
students avoid essential learning experiences. When producing
AI-generated answers without engaging in analysis or reflection,
students miss opportunities to develop their skills and knowledge,
and to receive meaningful feedback on their progress [40, 224]. This
practice creates disparities in skill development and undermines
the authenticity of assessments, as performance may not reflect
genuine understanding [332]. A study by Chen et al. [62] found
statistically significant learning losses with students using GenAI
in assessments, which was proportional to the amount of presumed
plagiarism.

Of further concern is that excessive reliance on GenAI can lead to
a cycle of self-deception. Students who use GenAI for learning and
assessment tasks may perceive themselves as capable while actually
failing to acquire foundational knowledge and skills. Furthermore,
the readily available solutions may mean that students are not
motivated to search for alternative solutions, thus limiting their
learning to what is offered by the GenAI tool, which, in fact, could
be inaccurate or misleading. This not only impacts their learning
but has implications for their future professional work, particularly
in areas such as programming where an ability for independent
reasoning is critical [278]. The ease with which the GenAI tools
provide solutions further exacerbates these problems. [130].

Cognitive science research has relevance in supporting findings
here, through work observing the risks of technological assistance
causing skill decay in complex tasks demanding controlled pro-
cesses [216]. Macnamara et al. [216] have observed from work
with airline pilots that AI assistants may cause greater decrease in
skill than traditional automation systems, as the AI assistants are
designed to mimic cognitive skills—that is, they recognize patterns,
reason about potential outcomes, and often guide the user to a specific
action, therefore regular engagement with an AI assistant reduces
the opportunity to keep skills honed. Furthermore, learners who
have engaged with AI assistants in their skill development may
believe they have a greater understanding of the task than they
do possess. So the over reliance on AI assistants poses risks of
self-deception.

Yet there were indications from a couple of studies that some
students were aware of the dangers of over-dependence on GenAI
tools. A survey of students (n=80 ) by Palacios-Alonso et al. [265]
found that students felt guilty or concerned about using GenAI
tools, acknowledging that they were cheating themselves and rec-
ognized that excessive use of these tools could jeopardize their
future employment. A study by Bikanga Ada [43] found that stu-
dents were aware of these ethical dilemmas posed by GenAI tools
andwantedmore comprehensive policies and educational programs
to help navigate these challenges.

Dishonest use of GenAI tools is potentially harmful to both
students and institutions. Students who use GenAI dishonestly to
generate solutions for assessment tasks or to assist with exams
may achieve better results than their peers who complete tasks
independently [174]. Such practices undermine the intended learn-
ing objectives of assessments, as students may pass a course by
mastering the use of GenAI tools rather than through understand-
ing the content [43]. This creates an imbalance between effort and
outcomes, creating disparities in academic results, and disadvan-
taging students who commit time and effort to genuine learning.
Honest students, therefore, face unfair competition, while dishonest
students limit their own skill development [98]. These outcomes
compromise fairness, bias academic performance, and erode the
integrity of assessment systems, bringing potential harm not only
to individuals but also to institutions and the wider community
[316].

With the widespread acceptance and use of GenAI in industry,
the integration of GenAI tools into computing curricula is now
viewed bymany as essential. In a survey of computer science majors
by Smith et al. [324], students perceived that mastering GenAI tools
would be vital for their future career competitiveness. However,
incorporating these tools into a teaching program requires careful
attention to risks to academic integrity and to the impact on learning
through dishonest use of the tools. In a study by Rajabi et al. [289]
that explored the views of students and faculty members regarding
ChatGPT’s use, the absence of guidelines from the university and
instructors on what would determine misuse of ChatGPT was a
recurring theme.

Several papers described approaches that educators have made
to safeguard academic integrity, such as weighting invigilated as-
sessment more heavily, banning GenAI use in specific contexts,
and explicitly demonstrating to students both the capabilities and
limitations of these tools [40, 198]. Others have shifted the focus of
assessment from product to process and have included interviews
or presentations to determine students’ depth of understanding
[180, 304, 332].

Embedding principles of transparency in the use of GenAI is
critical to maintaining academic integrity. Requiring that students
declare when the production of their work has been assisted by
GenAI and cite generated outputs appropriately helps preserve
fairness while fostering ethical and responsible use [32, 180, 264].
By foregrounding academic integrity in AI integration, educators
can prepare students to engage with these technologies ethically,
ensuring that GenAI supports, rather than undermines learning
and assessment.

Detecting when GenAI tools had been used inappropriately or
dishonestly to assist in the development of a solution for a learning
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or assessment task was a dominant theme, with more than a third
of the papers reporting investigations of the performance of GenAI
tools in the context of academic integrity. A number of studies
investigated the effectiveness of AI tools in producing solutions
that could bypass detection tools (e.g., [49, 104, 256, 267, 303, 354]).
Other studies investigated methods and tools to detect when GenAI
tools had been used to produce content [224, 332]. These studies
highlighted both the difficulty of designing assessments that could
not be readily solved by GenAI tools and the difficulty in detecting
GenAI produced solutions. Tang et al. [332] proposes that the:

...impressive proficiency of ChatGPT in generating so-
lutions for intricate exercises highlights the difficulty
in crafting exercises meant to challenge AI gener-
ated solutions. Nevertheless, the excessively “perfect”
nature of AI-generated solutions, particularly those
utilizing advanced practices and features, may serve
as a distinguishing factor from those of average ele-
mentary programmers. (p.482)

Of further (and deeper) concern is that focusing on detection tools
may divert attention away from conversations with students about
academic integrity that can provide more meaningful support to
their learning and development and helping them understand the
ethical implications of the use of the GenAI tools.

In support of taking an educative rather than a technological
approach to the dishonest practices around the use of GenAI tools,
Kendon et al. [180] argues:

Relying solely on such [detection] tools inserts educa-
tors into an arms race with students, in which neither
side can trust the other, and the winner is simply the
one who brings the greatest and most advanced tools
to bear.

In conclusion, GenAI presents profound ethical challenges to
computing students and educators. Establishing guidelines and
policies for its use in computing programs is essential to ensure
the tools are used in a way that benefits learning and maintains
academic integrity.

Use of Power. Only two papers were tagged as Use of Power. In
both cases, power was not explicitly stated, but focused on issues of
power. In the first paper, Vahid et al. [346] investigated methods for
automatically detecting unsanctioned use of GenAI. While these
tools can flag potential academic dishonesty, instructors must still
verify cases through time-consuming interviews. Although such re-
views act as safeguards, they also shift initial authority to detection
algorithms, raising concerns that students may be wrongly accused.
In the second paper, Kerney [181] presents tactics such as ‘laying
traps’ to catch when students use AI in ways that go against the
course policies. It also presented students counter-tactics to subvert
detection by ‘Stealthing’ their use of GenAI, which in some cases
could fool AI detection algorithms. Together, these two papers show
how both students and instructors are adapting their practices in
response to shifting power dynamics introduced by AI.

Access and Equity. Some articles discussed barriers to access
or equity issues as they relate to GenAI. For example, Zastudil
et al. [374] conducted an early interview study of perceptions of
students and instructors, making connections to the digital divide

that occurred in the early 1990s when the internet became acces-
sible to some, but not to all. While they merely hypothesized this
possibility at the time, multiple studies showed evidence of bimodal
distributions of GenAI usage [146, 279], with some students using
GenAI tools every day and many others never having used these
tools.

Another topic that emerged related to access is the ability for
GenAI to support students in their native languages [165, 281]. Jor-
dan et al. [165] prompted a language model to produce introductory
programming problems in English, Tamil, Spanish, and Vietnamese.
They found that minor corrections were often needed before giving
assignments to students, but it shows the potential for GenAI to be
used to support students in languages besides English.

There were also papers that explored the use of GenAI to pro-
duce more culturally or personally relevant learning materials for
students [39, 349]. These included a study by Bernstein et al. [39]
where they investigated the analogies that students created to ex-
plain computing concepts. A second study by Villegas Molina et al.
[349] investigated how large language models could be used to
produce a culturally-relevant CS1 textbook for Latines.

Overall, the findings highlight both the challenge of growing
disparities in GenAI usage among students and the opportunity
presented by emerging efforts to design more culturally and per-
sonally relevant computing education. Programming is now also
becoming more accessible to students who speak English as a for-
eign language. Any student may now work on assignments and
view explanations in their native languages.

Risks and reliability. Most instances that addressed risks and
reliabilities focused on the potential for GenAI to produce incorrect
information. Given the prevalence of these hallucinations, some
papers investigated students’ trust in GenAI [16]. Other risks in-
cluded overreliance, with students potentially using AI to avoid
the hard work of learning [35], or negative impacts on students
metacognition. Prather et al. [282] showed through an eye tracking
study that using AI can help high performing students, but can
also negatively impact their metacognitive plans; in some cases
leading them to solve the wrong problem [282]. Their work also
observed an illusion of competence in which students believed they
were more capable of solving problems than they really were. As
observed by Macnamara et al. [216] from cognitive science, these
illusions of understanding are inherent risks of AI assistants. In con-
clusion, these studies show that GenAI needs to have some forms
of guardrails to ensure that students stay on track and don’t misuse
AI tools. More recent work beyond this review, has begun investi-
gating the use of guardrails [80, 178, 206] as well as tools to scaffold
the use of copilot assistants [218]. These provide a promising first
step toward addressing some of the risks and reliabilities students
face when using AI tools.

Privacy. CS students are concerned about privacy when using
GenAI tools [308, 324]. In an introductory programming course,
students expressed concerns about privacy when using Github
Copilot [278]. To mitigate this concern, educators have made some
efforts. In a first-year undergraduate relational database course,
Pozdniakov et al. [276] evaluated a tool named Feedback Copilot to
provide quality feedback and improve students’ performance. To
protect students’ privacy, students’ names were replaced by random
identifiers before using GenAI models. By aligning with the privacy
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standards, Pozdniakov et al. [276] found that it provides a user
centric application that offers pedagogically sound and ethically
responsible approaches. Another recommendation was to “instruct
students not to share any personal or confidential details with the
LLM during their interactions" [3]. According to a syllabus analysis,
some ethics topics, including privacy, have been introduced in CS
education [54]. Nevertheless, when attempting to address different
dimensions of ethics, the problem becomes complicated. For exam-
ple, in optimizing sustainability by informing people through new
ways of handling data, the privacy is compromised [347].

Sustainability. Only four papers investigated or discussed sus-
tainability. Building on their earlier work that interviewed profes-
sionals’ views on sustainability in Software Engineering, Moreira
et al. [244] identified challenges and effective ways to integrate
sustainability into Software Engineering curriculum. Moore and
McCullagh [242] presented how Sustainable and Ethical Computing
was designed into the computing curriculum at their university.
One learning objective linked to sustainability, and the environmen-
tal challenges from the excessive amounts of electricity and water
required to support such large models, is to minimize the size of a
machine learning model while maintaining its effectiveness [242].
In this process, students are engaged in an ethical debate regarding
the trade-off between model size and accuracy.

Property Rights. Both students and educators have expressed
concerns about the violation of property rights [194, 324]. Smith
et al. [324] surveyed all CS majors at their institution and received
116 responses from undergraduate students and 17 responses from
graduate students. Out of them, 14 students voiced societal concerns
that included intellectual property violations [324]. In a project-
based course that integrates GenAI tools, a student expressed that
“from an ethical standpoint as an artist, particularly in the way it
sources its backlog of imagery”, about how “AI image/art genera-
tion in general holds a gray area for art theft”. [313] In the process
of generating CS1 and CS2 quizzes using GenAI, Kumar et al. [194]
suggested to consider the copyright and ownership of content and
verify whether the material falls under “fair use” exemptions, but
they also stated that “We know that generated content relies heav-
ily on the training cases, and we assume that the LLM providers
have resolved the copyright issues regarding the training and the
generated content." To prepare faculty for the responsible use of
LLM, three CS faculty members at a small liberal arts university
created a framework for creating a workshop for faculty across
disciplines [46]. They advise to “check the source of the information
and cite it properly” and “explicitly acknowledge the assistance of
LLMs in the creation of your work (sections or parts that included
ideas/issues initially identified via LLMs, or tasks achieved such as
editing and paraphrasing, or calculations)."

Computing Ethics and Professionalism. The overarching
code Computing Ethics and Professionalism was added to comple-
ment the set of more discrete topic-focused codes derived from
Martin et al. [227]’s framework). Although only three papers were
coded as Computing Ethics and Professionalism, they reflected the
growing concerns about the ethical implications of AI and GenAI
models and the need for educational responses through courses
or curricula. The first paper reviewing computing curricula in 17
Brazilian Universities active in teaching Artificial Intelligence [54]

argued for the development of critical ethical reasoning as “ex-
tremely relevant to the education of future Artificial Intelligence
developers”, but “concluded that universities are not fulfilling their
role adequately”. The neglect of ethics as a topic in favor of technical
topics and its placement as a voluntary option in many curricula
(some 30 per cent of ethics related disciplines being obligatory
and the remaining 70 per cent of topics left to students’ individual
choice), supported the authors’ argument about Universities not
fulfilling their role.

In the second paper reviewing the CS2023 curriculum. the au-
thors observed an increased emphasis on practical applications of
GenAI and the social and ethical implications. But with GenAI as a
technology and its enormous potential for impact, came a demand
for GenAI practitioners to attend to its ethical and societal aspects,
through students studying “real-world AI applications and their
implications” [93].

In the third paper reviewing the challenges posed by Practicing
Responsible Innovation in high performance computing (HPC), the
authors argued for the critical role of ethics in professional behavior,
believing “it is far better to have a voice in shaping innovation than
to avoid accountability” [293]. The recurring theme of divorce of
ethics from the discipline and its neglect is evident, with ethics
still being treated and taught as a discipline entirely separate from
computer science. They argue that this mental division “can lead
computer science students — potential designers of future HPC and
AI systems — to neglect the significance of ethics in their field”.
So, in one encouraging response to these challenges, the CS2023
curriculum has taken the holistic position that, “Societal and ethical
issues are intertwined with applications. Rather than separate them
out into their own knowledge unit, which could encourage their
isolation into separate, dedicated class sessions, these AI curricular
guidelines insist that students learn about societal and ethical issues
in the context of AI applications” [93].

Educational Insights As noted earlier, papers coded as reveal-
ing educational insights were further coded to identify explicit
mention of ethical and societal concerns. Of the 68 papers coded
as educational insights, 39 papers were excluded since they did
not have a focus on ethical issues. These excluded papers typically
addressed topics such as automating and supporting aspects of
teaching and learning and assessment through GenAI based tools
and models. Papers reported initiatives that focused on improving
the learning of programming or other computing courses imple-
mented through system designs, prototypes and pilot studies. Of
the remaining 29 papers the balance of topics was as tabulated
below in Table 3.

As previously reported under the coding and extraction section,
and as applied more generally when coding ethical and societal
topics, only a single code was applied for each paper based on which
was deemed most salient. This tended to understate the prevalence
of some codes, with more than one code appearing in several cases,
the most commonly occurring pairings involved risks and reliability,
equity and access, honesty and deception, and property rights, which
alternated in salience. Selecting the primary code seemed preferable
to simply coding the paper as multiple ethical issues.

The one such instance, however, reported a varied and highly
critical set of student comments: “6 of the 13 categories only refer
to negative aspects students experience using ChatGPT. Among them
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Educational Insights - Ethical Concerns Count
Quality of life 1
Use of power 3

Risks and Reliability 9
Property Rights 1

Privacy 1
Equity and Access 3

Honesty and Deception 8
Computing Ethics and Professionalism 2

Sustainability 0
Multiple ethical issues 1

Table 3: Educational Insights – Ethical Concerns Table.

are privacy concerns, ChatGPT’s overconfidence despite producing
incorrect results, hallucinations, and a lack of integrity (e.g., by citing
non-existent sources). Moreover, students expressed the necessity to
remain critical of the GenAI tool, and to always verify the generated
responses. Some students (26) even mentioned the risk of depending
too heavily on ChatGPT, causing them to not thoroughly attempt to
solve programming exercises themselves anymore” [308].

In one interesting observation in the context of quality of life and
GenAI assisted pair programming, students “missed the dynamic
interaction, empathy, and engagement of traditional student-student
pairing” [322].

In the process of coding Educational Insights papers against the
ethical topic of Risks and Reliability it became clear that in addition
to the reliability issues of quality of output, errors and hallucina-
tions, the code covered an underlying ethical risk relating to the
use of GenAI in education. This evolving ethical code, which poses
a risk to learning, could be termed Ethical Learning and can be
explained in a student comment: Worries About Developing Depen-
dence and Hindering Learning: Several participants expressed worries
about becoming overly dependent on ChatGPT... P1 cautioned about
the “over-reliance on AI”, highlighting a tendency to “let it do it for
you”...implying a trade-off between efficiency and educational depth.
Participants were concerned such dependency potentially harms their
learning[187]. While time precludes fully unpacking this evolving
code here, it suggests an important area for further investigation.

3 Analysis of University Policies
This section, along with Section 4, addresses the second research
question:

RQ2 In what ways does GenAI affect the socio-technical dynamics
of higher computing education institutions?

We examine institutional policies as socio-technical artifacts that
both reflect and shape how universities respond to the proliferation
of GenAI. We begin by reviewing previous studies that analyzed
university policies on GenAI. We then systematically analyze the
policies of 21 universities around the world, highlighting overarch-
ing themes and variations in how these universities view GenAI,
regulate its use, and educate their communities on its challenges
and implications. Finally (in Section 4), we derive a framework that
provides structured guidance to educators and policy makers on

how to reason about ethical and societal issues when preparing
policy documents related to GenAI use in their institutions.

3.1 Previous Work
Policy documents, that is, documents that discuss how each uni-
versity equips itself to address the changing educational landscape
with the rise of GenAI, are rich sources of insight into how universi-
ties are responding to the rapid emergence of GenAI and navigating
its challenges and opportunities. Policy documents not only reflect
institutional values and priorities, but also play a role in shaping
the experiences of students and faculty members. Therefore, many
research studies began analyzing university policy documents as
early as 2023, soon after OpenAI’s ChatGPT gained widespread use.
These studies approached the analysis from various perspectives
and focused on different geographical areas.

Several studies focused on top-tier universities according to
university ranking systems such as QS World University Rank-
ings2 [213, 344, 363], Times Higher Education (THE) World Univer-
sity Rankings3 [15, 112, 243] , Academic Ranking of World Univer-
sities (Shanghai Ranking) 4 [73], and U.S. News Best Global Univer-
sities Rankings5 [15]. The rationale for this focus is twofold. First,
top-ranked universities often have a strong online presence, which
makes accessing their policy documents easier than at other insti-
tutions. Second, these institutions are frequently among the first to
respond to new challenges, and their actions can influence the prac-
tices of smaller or less prominent universities. On the other hand,
some studies focused on analyzing university policies in specific
regions like Asia [75, 365] and Europe [327], while others focused
on specific countries like Denmark [90], South Africa [60], Hong
Kong [64], and the UK [24, 358], with the greater share being stud-
ies that focused on R1 universities in the USA [12, 17, 142, 229, 353].
Several of these studies published the datasets used in their analysis
publicly on the internet [112, 142, 163, 353].

The studies also varied in how they analyzed the policies. Jin
et al. [163] analyzed the policies using Diffusion of Innovation
Theory [298], which focuses on how innovation is communicated
and adopted through cultures and institutions. On the other hand,
Driessens and Pischetola [90] and Luo [213] adopted Bacchi’s
“What’s the problem represented to be?” framework [29], which
postulates that policies are created based on what policymakers
believe is “problematic” and requires change. Hence, the analysis
looks at the problems represented in the policies, the presupposi-
tions and assumptions underlying these problem representations,
how the problematization is communicated, and what is left “un-
problematic”. Driessens and Pischetola [90] identified three key
problematisations in the analyzed policies: assessment integrity,
legality of data, and veracity. Driessens and Pischetola [90] also
found that the huge planetary costs of GenAI and the exploitative
business models and practices are mostly left unproblematized in
the policies. On the other hand, Luo [213] found the main prob-
lem represented in the policies to be that students may not submit
original work for assessment, where GenAI is viewed as “a type of
external assistance separate from the student’s independent efforts
2https://www.topuniversities.com/
3https://www.timeshighereducation.com/world-university-rankings
4https://www.shanghairanking.com/
5https://www.usnews.com/education/best-global-universities

https://www.topuniversities.com/
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https://www.usnews.com/education/best-global-universities
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and intellectual contribution”. This problem representation does
not acknowledge how GenAI complicates the process of producing
original work, and is reflected in the policies as a silence towards the
evolving meaning of “originality” for work mediated by technology.

Other frameworks used in the analysis include Ubuntu Ethics [60]
and Kotter’s Change Model [112]. Wilson [358] also discussed the
policies using a wide range of theories like: Institutional Theory,
Advocacy Coalition Theory, Policy Diffusion Theory, and Punctu-
ated Equilibrium Theory. A notable example is the work by Dabis
and Csáki [73], which used Directed Content Analysis to identify
four clusters of positive values found in government-issued policy
documents on AI ethics: (1) Accountability and responsibility, (2)
human agency and oversight, (3) transparency and explainability,
and (4) inclusiveness and diversity. These clusters of values were
then used to analyze university policies in terms of how their “first
response” to GenAI was, and then used the analysis to derive best
practices regarding GenAI policies at universities.

While the studies discussed above conducted analyses grounded
in specific theoretical frameworks, a larger portion adopted a more
flexible and descriptive approach. Many of these studies explored
general questions such as: “What do the policies cover?”, “What
themes are present in the policies?”, and “What guidance do the
policies provide?” [12, 15, 17, 60, 64, 75, 142, 243, 339, 344, 353, 363].
They also examined contextual aspects, including who issued the
policies [327, 344, 365], the timing of their release [60, 64, 344, 365],
the intended audience or stakeholders [17, 60, 75, 75, 327], and the
referenced GenAI tools [12, 60, 75, 75, 344]. Several studies also
analyzed the stance of the institutions towards GenAI (are GenAI
tools encouraged, allowed, discouraged, or disallowed) [12, 17, 75,
153, 229, 353]. For example, Wang et al. [353] found that none of
the top-100 universities in the US banned the use of GenAI tools
and that 57 of these universities defer the decision to the instruc-
tor. However, out of these 57 universities, 27 adopted a “stance of
Prohibition by Default”, where the use of GenAI tools is allowed
only if the instructor explicitly permits it, otherwise their use is
considered a form of academic dishonesty. On the other hand, only
a single institution adopted a “stance of Permissibility by Default”.

While the “acceptance” (or lack thereof) of GenAI tools can be
explicit in the policy, some of the studies looked at the percep-
tion [353], narrative [75], sentiment [17, 229], or discourse [12]
around GenAI that can be interpreted from the policy. For example,
Tong et al. [339] conducted automated linguistic analysis on 92
policies and found that the use of second-person pronouns was
most common, and that only first-person and collective pronouns
correlated with a warmer tone and a higher likelihood of discussing
GenAI limitations. Ali et al. [12] also found that 38 of the ana-
lyzed course syllabi (i.e., 39%) attributed living characteristics to
GenAI (as assistants), with some (N=5) even personifying GenAI
tools by referring to them as peers or tutors, and using terms like
“collaborating with AI” when referring to using GenAI tools.

3.2 Conceptual Framework
We draw on Taylor et al.’s [140] conceptual framework for policy
analysis that studies policy documents from the perspectives of
context, text, and consequences. The policy context refers to the
issues, social context, and impetus that led to the need for policy

to begin with, accounting for the background and socio-political
tensions and environment [37]. Analyzing the policy text refers to
the process of critically interrogating the text for its explicit and
implicit purposes and values, as well as for how the same policy
could be interpreted from the perspective of diverse stakeholders.
Policy consequences ask that we consider the impacts of policy
implementation, including intended and unintended consequences
and challenges [11] the policy presents for a diverse range of stake-
holders. How is policy implementation impacted by the ways in
which policy users interpret it [302]? Is the policy implemented
consistently and effectively? Are there policy implementation chal-
lenges that need to be addressed related to people, processes or
structure [148]? By analyzing policy documents through the lens
of context, text, and consequences, we center both the intent of a
given policy as well as the foundational values and interrogate its
implementation.

3.3 Methods
While, as we have seen in the previous section, there is substantial
literature analysing university policies on the use of GenAI, there
is no unequivocal definition of what counts as a “policy document”.
For the purpose of this project, we defined a policy as institutional-
level documents or guidance that: 1) discusses, or aims to regulate,
the use of (Generative) AI in education; 2) concerns direct educa-
tional uses (i.e., excluding all AI policies for marketing, branding,
etc.); 3) addresses students and/or faculty (i.e., focuses on the inter-
action between GenAI and teaching and learning); and 4) have an
institution-wide scope of application.

We analysed university policies using two approaches concur-
rently: a criterion-based analysis and documentary analysis. We
obtained the policy via convenience sampling [95, 117], starting
with our working group members which has representation from
Australia, Canada, Jordan, New Zealand, Uganda, Italy, the United
Kingdom, and the United States. We initially asked each member
to gather their own university’s GenAI policies, then asked each
member to submit additional policy examples from their region. We
then verified that we had adequate representation across geograph-
ical areas: EU, US/CA, Latin America, UK, AU/NZ, Arab Countries,
Sub-Saharan Africa, Japan, China, India, South-East Asia. For the
geographical areas that were under/not represented, we askedwork-
ing group members to send policies from contacts/institutions in
Asia, northern Africa, and the Middle East. We were not able to
obtain policies for some of the universities we reached out to, or
otherwise investigated, including one in the Netherlands and one
in Morocco.

3.3.1 Criterion-based analysis. In policies that we did obtain, we
ensured we had examples representing: 1) range of policies at
different levels (i.e., whether they are general recommendations,
implementation-ready policies, or in-between); 2) at least one non-
PhD-granting institution; 3) both public and private institutions.
For this round of analysis, we evaluated a total of 21 policies across
a set of potential issues related to GenAI using a qualitative “stop-
light evaluation system” (as examples of such systems, see [171]
or [197]) where thorough addressing of a parameter was marked
with a fully colored circle; implicit or partial addressing with a par-
tially shaded circle; and not addressing the issue with an unshaded
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circle. The set of issues, listed below, was derived inductively by
accretion. During the first read of the policies, we coded the ethical
issues that policies discussed, defining one code per issue. We then
proceeded to evaluate at what level of depth each policy addressed
each ethical issue and what level of guidance they gave (if any) in
defining actionable recommendations for addressing concerns in a
given ethical issue.

• Definition of AI : Does the policy explain what they mean by
“AI” in the context of their documents?

• Grounding concepts: Does the policy provide baseline infor-
mation on how AI works, why it’s important to discuss it in
the context of teaching and learning, etc.?

• Privacy: Does the policy discuss protection of individual or
collective privacy?

• Bias: Does the policy discuss how AI output may be “biased”
(even without defining accurately what bias may be)?

• Equity: Does the policy discuss how AI output discriminates
against given social groups?

• Environmental sustainability: Does the policy discuss the
environmental costs and geopolitical consequences of devel-
oping and using AI?

• Academic integrity: Does the policy discuss how using AI
may constitute academicmisconduct, or a breach of academic
integrity?

• Plagiarism: Does the policy discuss how using AI may lead
to plagiarism?

• Intellectual property: Does the policy discuss issues of intel-
lectual property, e.g., when asking AI to emulate the style of
a given person?

• Information accuracy: Does the policy state that AI results
may be inaccurate?

• Consent: Does the policy require people using AI to gather
consent for its use in collective contexts (e.g., one student
tasked with revising a group report using AI to revise other
students’ drafts)?

• Impact on learning: Does the policy discuss how AI may
(negatively) impact student learning?

• Transparency/disclosure: Does the policy recommend people
using AI to disclose its use, and how AI was used?

3.3.2 Qualitative Documentary Analysis. We drew from policy anal-
ysis questions [58] to conduct our documentary analysis of the
policies. Table 4, adapted from Cardno [58], contains the probing
questions we used to guide our documentary analysis of policy
context, text, and consequences. For the documentary analysis,
we annotated the policy documents (performing a round of open
coding), identified repeated themes, and extracted categories and
themes. We then grouped and mapped these themes through crit-
ically probing the policy context, text, and consequence, follow-
ing Henry et al. [140]. To analyze policy purpose, we identified
keywords or phrases that referred to the purpose and context of the
policy as well as any reference to its underlying values. To analyze
policy text, we probed for indications for who was responsible for
developing the policy and how it was developed, and any alignment
with local or national regulatory requirements. To analyze policy
consequences, we identified words or phrases that reference the
implementation or impact of the policy, including its strengths,

weaknesses, opportunities, and challenges. A guiding principle we
followed when conducting qualitative analysis of the policies was
to identify what is stated in the policy and what is not, but can be
inferred based on a holistic analysis of the document.

Table 4: The probing questions (adapted from [58]) we used to
interrogate policies in their content, text, and consequences.

Dimension
of Analysis

Probing Questions

Policy context What is the purpose of this institutional policy?
Is there evidence of drivers behind the policy?
What foundational values guide the policy?
Are there competing values at play that may
create tensions?

Policy text How does the text of the policy provide evi-
dence of how it was developed?
Are there procedures outlined in the policy text
that provide guidance for practice?
In what ways is the policy aligned with gover-
nance requirements?

Policy
consequences

What is the intended impact of the policy?
How is the implementation of the policy to be
monitored and reviewed?
In what ways does the policy text highlight
crucial aspects of practice related to the policy?

3.4 Key Findings
Table 5 summarises the policies we have analysed through our
criterion-based analysis.

Since policy issues are grounded in values, policy scholars have
shifted from the stance of policy analysis being an objective process
to one that emphasizes transparency [138]. Values underlie how
the problem is defined and solutions are identified [309]. The indi-
vidual GenAI policy documents across institutions vary in terms
of the explicit and implicit language used, which in turn reflects
the community’s values. While each policy inevitably reflects the
context it was written for, it is still beneficial to discuss some of the
key findings that emerged in the analysis of the policies and how
they relate to the broader conceptual framework of the paper.

Key Finding 1. Based on our criterion-based and qualitative anal-
ysis, we propose a classification of the analysed policies situated
along a linear continuum (see Fig. 7). On one end of this continuum
are policies that are more “intellectual”, or virtues-focused (i.e.,
outlining intellectual and moral principles for adoption of AI in
education) [20]. Policies that are more “prescriptive” or compliance-
focused (i.e., focus on abiding by the letter of the law, policies,
procedures, and associated penalties for not doing so) are situated
on the other end. Between these two ends are policies that offer
guidance, “suggestions for effective use”, or use-focused examples
based on scenarios (e.g., referencing, summarisation, ...). This con-
tinuum of policies reflects a range of ethical stances from virtuous
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to utilitarian. It can be argued that the compliance-focused policies
border more on legal than ethical in that they focus on not violating
written policies.

It is important to note that while all university policies included
elements of virtuous-lens, use-focused, and compliance-focused,
our content analysis revealed that the relative balance of the ethical
stances varied across policies. Each institutionweighted compliance-
focused, use-focused, and intellectual/moral/civic/principled/virtuous
lens of their policies differently. Figure 8 portrays a set of conceptual
examples that show varied weightings when approaching GenAI
policy. Universities such as the University of Trento may adhere
to more of a virtues-focused approach, discussing their vision on
desirable uses of GenAI, and minimally specifying detailed actions
that should be taken by individuals wishing to comply with the
policy. Conversely, the University of Utah’s policy weighs more of
a compliance-focused approach, discussing how university person-
nel will address breaches of academic integrity due to misuse of
GenAI. Other universities, such as Nanjing University, have policies
that open with a virtue-focused approach, then shift to a structure
of a legislative document. In contrast, the University of Waterloo
outlines high-level principles, then maps them to legislation issued
by the Government of Ontario.

We can also draw a yet closer look, by analysing individual
statements. A virtue-based statement, taken from the University of
Glasgow’s AI policy, cites: “rather than seek to prohibit your use of
these tools, we want to support you in learning how to use them
effectively, ethically, critically, and transparently”. Conversely, a
compliance-based statement, taken from the University of Utah’s
policy, cites: “Plagiarism is a serious academic and research mis-
conduct offense. The Research Misconduct Policy describes it as
[omitted]. Full processes by which this is evaluated and addressed
can be found at [link]”. Statements may also include elements of
both, and thus fall in between. Arizona State University’s policy
states: “Arizona State University is committed to the practice of
Principled Innovation, embracing innovation with curiosity and
wisdom (a virtues statement, ndr)...It is important to explore and
respect university policy responsibly, protect your own privacy
and the privacy of others, and keep in mind intellectual property
considerations (a compliance statement, ndr)”.

Key Finding 2. Institutional policies attempt to balance between
the pace of rapid emergence of GenAI tools and capabilities and
the comparatively slower pace of institutional change, including
the adoption of policies. Many include clear statements that indi-
cate that GenAI falls under the scope of the institution’s existing
technology system. University of Waterloo’s guidance on GenAI,
for example, states “All existing University policies still apply to
the usage of AI, in the same way they do to all information sys-
tems.” This guidance also includes the explicit recommendation to
proceed “with caution and due diligence while using University
data to train, prompt, or interact with AI systems that are not yet
licensed or vetted,” pointing to the emerging field of GenAI. While
this institution attempts to ‘future-proof’ its GenAI policy and guid-
ance by positioning GenAI as another “information system,” it also
responds in specific and direct ways in other contexts. For example,
when describing the GenAI tools available through the institution,
the policy document explicitly states that the University does not

house the DeepSeek model and that it must not be used in conjunc-
tion with University data. University of Utah’s policy includes a
statement in large, bold letters within their “Prohibited Use of AI”
section of the document that states, “This policy will be updated as
new laws and legal review are enacted.”

Key Finding 3. Policy context drives the institutional adoption
of GenAI policy and guidance, resulting in a range of regional and
institutional variations of policies. From the policy text, it is evident
that values in each context play a key role in the policy devel-
opment, implementation, and monitoring of their GenAI policies.
Temple University, for example, states “As a university dedicated to
exchanging ideas, distributing knowledge, and fostering innovation,
we must embrace GenAI carefully and responsibly.” University of
Glasgow acknowledges from the outset that their students “will
graduate into an AI-augmented world” and state that they have
“a responsibility to prepare [them] for this world, providing space
to experiment with, and understand the potential of, AI in an eth-
ical way.” In line with this value of preparing their students for
the AI world, they state that they aim to support their students
“in learning how to use [AI tools] effectively, ethically, critically,
and transparently” rather than “prohibiting them from using these
tools.”

The socio-political context also plays a key role in institutional
GenAI policies and guidance. Universities may reference national or
local policy or legislation in their AI guidance. For example, the Uni-
versity of Waterloo explicitly states that the institutional use and
development of AI aligns with that of the Government of Canada
(i.e., fair, accountable, secure, transparent, educated, relevant) and
the Government of Ontario (i.e., transparent and explainable, good
and fair, safe, accountable and responsible, human-centric, sensi-
ble and appropriate). The University Mohammed VI Polytechnic’s
GenAI policy, when addressing the question of whether AI can
be listed as an author, references the traditional understanding
of Moroccan law, which “designates authors as natural persons
who exercise skill and judgment in the creation of a work, thereby
excluding AI entities from authorship.”

3.5 Discussion
Among compliance-focused policies, the discussion is dominated
by academic integrity, plagiarism, and IP concerns. This is not sur-
prising, since IP and plagiarism concerns can be easily mapped to
locally-applicable legislation (such as regional, national, or supra-
national laws on copyright and intellectual property), while issues
of plagiarism and academic integrity can be mapped to pre-existing
university policies on the same topics. When it comes to these mat-
ters of legal compliance, the advent of Generative AI in education
often implies a simple redefinition of the scope of application of
pre-existing policies.

Virtues-focused policies, on the other hand, are more hetero-
geneous: among the themes they cover, we highlight that a few
policies discuss the significant environmental impacts of using
GenAI (a topic that has attracted substantial attention elsewhere
in academic literature, see e.g., [241, 270]) and policies discussing
issues of consent (that is, the idea that if a GenAI tool is used in a
group setting, all participants in the group work should consent
to the use of the tool). The rapid pace of adoption of GenAI tools,
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Figure 7: Continuum of GenAI policies.

Figure 8: Examples of variedweighting of institutionalGenAI
policies across compliance, use, and virtue domains.

when it comes to similar concerns, have significantly exacerbated
the many socio-technical issues researchers have connected to ed-
ucation technologies in general [160, 311] and algorithmic harms
related to GenAI [317] more specifically.

A common topic in many policies, independent from how they
are positioned on the spectrum, is the discussion of potential im-
pacts on student learning, data sharing implications, and its poten-
tial uses for teaching, learning and research (i.e., utilitarian lens).
As we present in more detail elsewhere in this paper, one of the
key tensions in the use of GenAI in education is in the potential
adverse effects of cognitive offloading, especially in the students’
development of writing skills, clear communication, and indepen-
dent/critical thinking. We interpret the frequent presence of this
topic in university policies as an indication that human-centered
vs. machine agency remains indeed an unresolved tension with
implications and impacts for policy and practice related to teaching
and learning that are still emerging.

The key trends that emerge from the analysis of these policies
inform the development of the ESI-Framework that we will now
proceed to present.

4 The Ethical and Societal Impacts Framework
(ESI-Framework)

In this section, we outline ourmethod of deriving the ESI-framework,
its elements, and how it can be used to navigate GenAI dilemmas
in computer higher education. Existing conceptual analysis meth-
ods that involve merely determining the occurrence of concepts
within texts lack the emphasis on understanding phenomena to
be able to then generate theoretical insights [59]. Moreover, so-
cial phenomena, such as the ethical and societal impacts of GenAI,
are complex and connected to multiple disciplines. Hence, we fol-
low Jabareen’s [154] conceptual framework analysis where we
synthesize multidisciplinary literature through an iterative, qual-
itative, and grounded-theory approach, resulting in a network of
linked concepts. Through this context-based, process-oriented ap-
proach [257], we develop each concept related to the ethical and
societal impacts of GenAI and its specific function within the resul-
tant framework [271].

4.1 Deriving the ESI-Framework
4.1.1 Data. The data sources selected to derive a conceptual frame-
work should represent the various dimensions of the phenomenon
we are exploring, namely, the ethical and societal impacts of GenAI
in higher computing education. To this end, we leverage a range
of data sources that include our working group’s meeting notes,
policy documents, articles, and guidance documents.

4.1.2 Process. We used an iterative and comparative process based
on grounded theory [248] to derive the ESI-framework, continu-
ously moving between and among our evidence, data sources and
concepts to clearly define the scope and concepts.

4.1.3 Procedure. The method of deriving the ESI-Framework fol-
lows the eight-phase technique of Jabareen (2009) [154]: (1) Map-
ping data sources; (2) Extensive reading and categorizing the se-
lected data; (3) Identifying and naming concepts; (4) Deconstructing
and categorizing the concepts; (5) Integrating concepts; (6) Synthe-
sising, resynthesising, and sense-making; (7) Validating the frame-
work; (8) Rethinking the framework. In the following, we detail the
work carried out in each of the phases 1 to 7. Phase 7 is covered in
Section 4.2 while Phase 8 includes the implications of our results
and future work ideas covered in Sections 4.3 and 6 respectively.
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Phases 1 and 2:Mapping data sources and extensive reading and cat-
egorizing the selected data. We used the framework for implement-
ing the social and ethical impact of computing developed by Martin
et al. [227]. The literature review subgroup identified two additional
topics of ethical analysis (Sect. 2.1.5) that we adopt to extend the
Martin et al.’s framework: Computing Ethics and Professionalism
(regarding the broader educational and professional focus of ethics)
and Sustainability (regarding the sustainability of GenAI-based
technologies). The literature review subgroup also provided a small,
purposively selected set of papers ([66, 88, 123, 261, 279, 280, 374])
to which we added papers on a framework for reponsible AI edu-
cation [38], lecturers’ perspectives on the role of AI in personal-
ized learning including benefits, challenges, and ethical considera-
tions [246], and UNESCO’s guidance for GenAI in education [236].
Based on the policies subgroup (Sect. 3.1), we integrated the Dabis
& Csaki [73] ethical clusters of values and their data analysis of
institutional policies related to GenAI.

Phase 3: Identifying and naming concepts. The framework for
implementing the social and ethical impact of computing of Martin
et al. [227] defines levels of social analysis and topics of ethical
analysis. The levels of social analysis are: Individuals, Communities
& Groups, Organizations, Cultures, Institutional Sectors, Nations,
Global, while the topics of ethical analysis are: Quality of Life, Use
of Power, Risks & Reliability, Property Rights, Privacy, Equity &
Access, Honesty & Deception.

We adopt the definition of stakeholders of a computer system
used by Gotterbarn and Rogerson [120] as individuals who are
either significantly affected by or have material interests in the
running of the computerised systems, and generalise our definition
to include actors or groups who can affect or be affected by GenAI.

From Dabis & Csaki (2024) [73], we adopted the four ethical
clusters of values: 1) Accountability and responsibility, 2) Human
agency and oversight; 3) Transparency and explainability, and 4)
Inclusiveness and diversity.

We define tension as a persistent conflict between different ethi-
cal values across all levels of social analysis (and implicitly between
stakeholders or within the same group of stakeholders) based on
their respective interests and demands [23, 220].

Phase 4: Deconstructing and categorizing the concepts. We revised
the levels of social analysis identified by Martin et al. [227] for
GenAI by identifying potential stakeholders or stakeholder charac-
teristics for each level. For some pairs of level of social analysis and
topic of ethical analysis, Martin et al. [227] identified hypothetical
areas of concern for a particular technology resulting from the
interaction. In addition, individual and professional responsibility
are two additional lenses that should underpin the discussion of
all possible areas of concern. In the following we identify (non-
exhaustively) stakeholders for each level of social analysis:

• Individuals: student/learner (undergraduate and postgrad-
uate students, lifelong learners, students with disabilities,
underrepresented learners, international students, etc), edu-
cator/instructor (educator/instructor: lecturers, professors,
tutors, teaching assistants, academic advisors, curriculum
designers, etc.), computer professional, etc.

• Communities & Groups: student societies/unions, educator
networks or associations, computer professional societies,
etc.

• Organizations: AI-based platforms and infrastructures: tech
corporations offering GenAI tools (e.g., OpenAI, Google, Mi-
crosoft), GenAI-based learningmanagement systems providers,
etc.

• Cultures: pedagogical cultures, professional identities, etc.
• Institutional Sectors: Higher Education institutions (senior
management group, head of department, dean, university
administrators, IT services, academic integrity panels, etc)

• Nations: governmental policies, accreditation agencies, or-
ganizations employing computer professionals (public or
private sector), etc.

• Global: global governance bodies (e.g., UNESCO, OECD, Eu-
ropean Commission), international computing bodies (e.g.,
ACM, IEEE), etc.

To generate an initial set of tension codes, we conducted an
inductive coding process [336] on the set of key papers provided
by the literature review subgroup. We openly identified specific
codes for tensions as they arose from these papers. Some examples
of codes include:

T1: Academic freedom vs. centralized GenAI policies as tension
between institutional consistency and faculty autonomy.
Stakeholders: Universities, Faculty. Ethical impact: Use of
power [88].

T2: Loss of foundational skills vs. efficiency using GenAI as
tension between students possibly skipping essential learning
stages and educators struggling to maintain educational depth.
Stakeholders: Students, Educators. Ethical impact: Impedes
Learning [88].

T3: GenAI-enabled inequality due to access gaps, inclusion and
access equity vs. digital divide as tension between GenAI
risking widening educational disparities if access is unequal
and GenAI requiring adequate technological infrastructure.
Stakeholders: Students, especially Global South, Universities,
Public. Ethical impact: Equity and access [236, 246].

T4: Cultural dominance in GenAI vs. diversity and inclusion and
Protection of cultural diversity vs. dominant AI training data
biases as tensions between marginalization of indigenous
and non-Western knowledge systems. Stakeholders: Public,
Minority Communities, Policymakers. Ethical impact: Bias,
transparency and explainability [236].

T4: GenAI’s psychological effects vs. inclusive learning environ-
ments as tension between possibility of harm to student well-
being and affecting students’ sense of inclusion. Stakeholder:
Students. Ethical impact: Quality of life [38].

T5: Increased efficiency via use of GenAI vs. job security for edu-
cators as tension between the risk of displacing roles or de-
valuing educator expertise and creating fear of role displace-
ment. Stakeholders: AI Industry, Universities, Educators. Eth-
ical impact: Sustainability and global economy [88, 246].

Phase 5: Integrating concepts. Four authors, representing each
of the three sub-groups (literature review, policy, and framework),
engaged in an iterative process of synthesizing the themes and
defining the scope of the concepts related to our phenomenon
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of GenAI in the higher education computing landscape. Through
this process, we integrated concepts from each of our sub-group’s
data analysis to derive the ESI-Framework. We drew from the ini-
tial tension codes (see Phase 4), clusters of ethical values, topics
of ethical analysis, policy data, and collective expertise and judge-
ment of the researchers involved to identify crosscutting conceptual
categories of tensions. While the initial codes used to derive the
ESI-Framework was inductive and data-driven (see Phases 4), Phase
5 was informed by expert discussion, reflection, and synthesis re-
flected in meeting notes and transcripts. At the end of Phase 5, we
drafted a diagram that depicts interacting themes, categories, and
social levels at play when navigating the GenAI landscape in higher
computing education.

Phase 6: Synthesis, resynthesis, and making it all make sense. Once
we had an initial conceptualization of the landscape of GenAI ten-
sions based on the diagram sketched at the end of Phase 5, we
continued to meet with representation across groups, synthesiz-
ing the themes, categories, and tensions. Through this process we
continued to iterate, synthesize, and theorize regarding the emerg-
ing relationships among the categories of tensions and topics that
emerged from analysis of data on the ethical and societal impacts of
GenAI. The interactions between tensions, categories, and clusters
of ethical values can be seen in the ESI-Framework listed in Table 6.
For example, the tension “Human-centered vs. Machine Agency”
was mapped to the ethical cluster of “Accountability and Responsi-
bility” and associated with the themes of honesty and deception,
computing ethics and professionalism, and use of power.

To verify [238] our resulting framework, we matched the five
examples of initial tension codes listed in Phase 4 against the cate-
gories of tensions in the ESI-Framework:

T1: Academic freedomvs. centralizedGenAI policies contributes
to the topic theme Governance/control vs. Agency as it re-
flects the broader issue of who governs technology use in
education and who retains decision-making agency.

T2: Loss of foundational skills vs. efficiency using GenAI con-
tributes to the topic theme Human-centered vs. Machine
Agency as it questions whether the educational value re-
mains centered on the learner’s skill development or is ceded
to GenAI tools or systems acting on behalf of the learner.

T3: GenAI-enabled inequality due to access gaps, inclusion and
access equity vs. digital divide contributes to the topic theme
Human-centered vs. Machine Agency as it reflects whether
all humans are equally positioned to benefit from machine
agency or if human capacity is undermined by structural
disparities.

T4: Cultural dominance in GenAI vs. diversity and inclusion
and Protection of cultural diversity vs. dominant AI training
data biases contribute to the topic theme Justice vs. Exclusion
as it reflects a justice-oriented concern with representational
fairness and inclusion vs. the exclusion of various cultural
perspectives in knowledge production and educational con-
tent.

T5: Increased efficiency via use of GenAI vs. job security for ed-
ucators contributes to the topic Fairness vs. Bias as it reflects
an ethical bias towards valuing technological performance
over human labor.

We also matched the ESI-Framework themes and categories against
the codes that emerged from the literature review sub-group. In so
doing, we were constructing our theory as our process of iterative
analysis proceeded.

As part of Phase 6, we resynthesized the ESI-Framework by ask-
ing ourselves:What are the implications of the interactions among
the tensions, ethical values, and societal impacts identified in this
framework? To this end, we constructed a set of reflective ques-
tions to deconstruct each tension and support stakeholders as they
navigate the complex and nuanced landscape of GenAI in higher
education. These metacognitive questions are a core component
of the ESI-Framework and reflect the iterative and comparative
cycles of data collection, analysis, synthesis, and resynthesis across
our three sub-groups. For example, the questions that correspond
with the tension of “Human Centered vs. Machine Agency” include:
How are roles of humans and AI conceptualized? Is human judgment
being deferred to machines? Are hybrid agency models supported and
critiqued? While not intended to be an exhaustive list of questions,
they are intended to ignite further questions and to more deeply
probe the tension when making decisions around GenAI. The ques-
tions that correspond with each tension, therefore, are central to
our intentional attempt to answer the question: How might the ESI-
Framework be used by any stakeholder engaged in decision-making
around GenAI usage, development, and deployment?

Phase 7: Validating the ESI-Framework. Validating the conceptual
framework involves addressing the central question of whether
researchers, practitioners, and other stakeholders can make sense
of the framework and apply it to their respective domains. In our
case, the ESI-Framework should be applicable to stakeholders/actors
at all social levels identified during Phase 4. In Sect.4.2 we offer
dilemma analysis as an approach to validate the ESI-Framework.

Phase 8: Rethinking the ESI-Framework. Given the complexity and
highly nuanced landscape of tensions related to the emerging and
rapidly changing field of GenAI, the ESI-Framework can and should
be revisited and revised based on new developments, research,
insights, and documented benefits or harms (see Sect. 6).



ITiCSE-WGR 2025, June 27-July 2, 2025, Nijmegen, Netherlands Janice Mak et al.

Table 6: The Ethical and Societal Impact (ESI) Framework.

Cluster of eth-
ical values

Topics of ethical anal-
ysis

Tension Guiding questions

Accountability
&
responsibility

Honesty & deception
Computing Ethics &
professionalism
Use of power
Proprietary Rights

Rights vs. Responsibility What rights vs. responsibilities do individual users of AI have?
What rights vs. responsibilities do policymakers have?

Human-centered vs. Ma-
chine Agency

How are roles of humans and AI conceptualized? Is human
judgment being deferred to machines? Are hybrid agency
models supported and critiqued?

Imagination vs. Inevitabil-
ity

What futures are being imagined through this work? Are spec-
ulative or visionary practices encouraged? How is collective
dreaming scaffolded?

Pace of change vs. Con-
straints of time

What lags exist between AI, ethics, and institutional readi-
ness? How are ethical foresight and responsiveness being
developed? Where are we disrupting without deliberation?

Hidden vs. Visible Labor
and Value

Whose labor is visible and whose is hidden? How is value
assigned to maintenance, care, and community roles? Are
new forms of value being recognized?

Human agency
& oversight

Quality of life
Risks and reliability
Computing ethics and
professionalism
Use of power

Governance/control vs.
Agency

Who is setting the agenda for AI adoption in this context?
What power dynamics influence infrastructure decisions?
How are community voices involved in governance?

Emotional and Affective
Cost vs. Benefit

How is emotional labor recognised in AI-supported systems?
What psychological impacts are emerging? Are care and rela-
tionality factored into design?

Compliance vs. Agency Where is refusal or critique emerging? How is dissent sup-
ported or suppressed? What alternative pathways are being
imagined?

Futures of work/education
vs. Current reality

How are we preparing for uncertainty and/or for the current
state of GenAI adoption in industry? What futures are we
actively designing toward? How do we equip learners and
workers for roles that don’t yet exist?

Individual vs. Collec-
tive/Societal Good

What individuals oversee the output from the GenAI models?
Should the oversight be done by an individual or a collective
group of individuals?

Transparency
&
explainability

Risks and reliability
Computing ethics and
professionalism
Privacy

Trust and Transparency vs.
Opaqueness

What is the basis for trust in AI systems here? How transpar-
ent are the models, data, and design processes? Are learners
equipped to interrogate black box systems?

Responsiveness vs. Stability How is change perceived and managed? Are feedback loops
in place and trusted? What adaptive capacities are emerging?

Inclusiveness &
diversity

Equity and access
Quality of life
Sustainability

Access vs. Barrier Who has access? What barriers exist? To whom and in what
context?

Ecological Cost vs. Benefits What is the environmental cost of this technology? Are plan-
etary boundaries considered in decision-making? How is sus-
tainability integrated into tool development, deployment, and
scaling practices?

Justice vs. Exclusion Who is included or excluded by design? What systemic in-
equities are reinforced or disrupted? How are equity and jus-
tice made visible and accountable?

Fairness vs. Bias What systemic inequities are reinforced or disrupted?



Working Group into the Ethical and Societal Impacts of Generative AI in Higher Computing Education ITiCSE-WGR 2025, June 27-July 2, 2025, Nijmegen, Netherlands

4.2 Validating the ESI-Framework through
Dilemma Analysis

Dilemma analysis is a methodological approach to analyzing ten-
sions and decision-making in organizational contexts [359]. The
approach developed as a specific strategy to help bridge the theory-
practice gap in educational action research. Winter [359] explained
that “as a teaching practice (T.P.) supervisor/researcher”, he sought
to transcend his “view as a supervisor to create an account of the
T.P. situation which would be faithful to the views of students, class-
room teachers, and pupils, as well as those of fellow supervisors.
This account had to gain the assent of all parties so that it could be
used to illuminate for each party the point of view of the others, as
a practical contribution to preparation for T.P.”. The action-research
task then, was to create an account of a situation which would be
seen by a variety of others as convincing, i.e., as “valid”.

Building on that work,McKernan [231] proposed an empirical ap-
proach, using the formal theory of contradiction to guide dilemma
analysis: “i.e. that institutions have conflicts of interests, that mem-
bers are split and divided, and all of this is beset by dilemmas” . The
classic procedures for dilemma analysis involve conducting inter-
views, then analyzing the data in terms of a number of dilemmas,
tensions or contradictions (categorized as ambiguities, judgments
and problems) [69]. A set of perspective documents can be devel-
oped, organized by these dilemma categories from the perspective
of each of the actors. These can then be used to create a profile
perspective for each role in the setting.

So while the origins of dilemma analysis may lie in educational
action research [231, 359], to the authors’ knowledge it has not
been previously applied in computing education research. Most
closely to a computing context perhaps, it has been used in software
engineering research as a critical method to unpack the dilemmas
arising in a global software engineering context of a failed software
project-The Novopay Project a nationwide New Zealand teachers’
payroll replacement [69]. An example of one of the dilemmas iden-
tified sees the tensions relating to the vendor’s dilemma of How
to better understand customer context with one pole seeing a
global hiring strategy being adopted Hire/sub-contract nearshore
or offshore and at the alternative pole the vendor adopting a local
hiring strategy Hire/sub-contract ‘in-country’. A further dilemma
example (with direct impact for the schools employees) covered
how administrators when coping with Handling delay from ser-
vice centers elected to Work late (extra hours, miss family time) or
Go home on time.

While dilemma analysis is leveraged here as a method to validate
the ESI framework, it is acknowledged that ACM does have an exist-
ing process guide for computing professionals and ethical practice
known as Proactive Care. They advise that Proactive CARE uses
the ACM Code of Ethics and Professional Conduct as a framework
to identify and address opportunities to engage in more ethical
computing practices [254].

That guide has four steps:

• CONSIDER who might be affected and how:
• ANALYZE the situation’s details:
• REVIEW other obligations and limitations:
• EVALUATE the best course of action:

So, while Proactive Care offers a useful and concrete mechanism
for reflecting upon the ethical dimensions of a specific context, the
ESI framework promoted here extends beyond the perspective of
an individual computing professional. We now elaborate on how
dilemma analysis may be applied to validate the ESI framework.

4.2.1 Unpacking Dilemmas. In this study, we adopted a form of
dilemma analysis based on the ESI-Framework (see Table 6) and
grounded in the policy and literature data sources identified in this
working group report. The dilemmas we considered are closely
related to the tensions defined previously. Dilemmas presume a
scenario/context and a tension/decision point that straddles the con-
text with the ethical or practical consequences. Dilemmas and their
associated tensions can further be mapped to different stakeholders
which represent different perspectives. We developed the notion
of Dilemma Archetypes to shift from focusing ethical dilemmas or
tensions as individual acts to viewing them as a byproduct of sys-
temic interactions [69]. Three exemplar archetypes were derived
based on: empirical insights from the literature; abstraction from
the origins and early tensions of AI as a technology; or mapping to
one of the four clusters of ethical values. These archetypes were
unpacked into subordinate dilemma sets for each archetype. These
subordinate sets of dilemmas captured the perspectives of each role
involved in the dilemma applicable for their role drawn from the
archetype. The roles were based on the social levels identified by
Martin et al. (1996) [227]. The mapping process conducted here con-
stitutes a simulation-based form of validation of the ESI framework.
Table 7 describes the three exemplar archetypes DA1, DA2, and
DA3, highlighting the main description of each of the dilemmas.

We analyze these dilemmas using an adapted version of Bac-
chi’s [28] “What’s the Problem Represented to be?” (WPR) approach.
This methodological strategy enabled us to critically interrogate the
ethical dilemmas posed by the introduction of GenAI into higher
computing education, the tensions these dilemmas encapsulate, and
how stakeholders are affected by different choices. We modify the
WPR approach [28] and pose the following two questions in our
dilemma analysis:

Q1: What is the nature of the dilemma?
Q2: What alternatives should be acted upon to resolve the

dilemma?

Question Q1 involves identifying the problem or dilemma being
represented, how this dilemma came about, and the presuppositions
or assumptions latent within the dilemma. This question also asks
us to consider what remains as problematic in this dilemma and
whether this dilemma can be thought about using an alternative
framing. Question Q2 asks us to consider how this dilemma has
been produced, how it could be disrupted, and the possible effects
that are produced or amplified as a result of this dilemma.

4.2.2 Dilemma Archetype DA1: Complete Cognitive Offloading vs.
Conscious Critical Partnership. The first dilemma archetype con-
cerns tensions related to the use of GenAI and what the aims as-
sociated with the use of GenAI should be. Crucially, in this first
dilemma archetype, the actor makes the choice and is choosing for
themselves.
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Table 7: Dilemma Analysis - Archetypes

Left hand pole Dilemma Archetypes (DA) Right hand pole

Complete cognitive of-
floading

[DA1] Should the individual approaching a task aim to offload
the task as much as possible to a GenAI system, or should they
consciously and critically evaluate why, when, and how they
use the GenAI system?

Conscious critical partner-
ship

Complete automation
with AI

[DA2] Should decision-makers seek to replace human efforts
with AI systems, or should they only use AI to augment
existing capabilities?

Augmentation of human ef-
fort

Non-disclosure of use [DA3] Should an individual working on a task be required to
disclose AI use, or should the use of GenAI be treated like any
other tool (that is, without needing to specify whether it was
used)?

Complete detailed disclo-
sure

Should the individual approaching a task aim at of-
floading the task as much as possible to a GenAI sys-
tem, or should they consciously and critically evaluate
why, when, and how they use the GenAI system?

This archetype encapsulates the dilemma of the opportunity cost
between reappropriating one’s own time (plausibly, to be used in
other activities unrelated to the task at hand) and relinquishing the
learning that would be gained by performing the task, or vice versa
(i.e., using GenAI tools to maximise learning, at the cost of still
investing a significant amount of time). This maps to the tension of
Human-centered vs. Machine Agency in the ESI-Framework where
the guiding questions can support stakeholders with analyzing the
nuances within this dilemma: How are roles of humans and AI
conceptualized? Is human judgment being deferred to machines?
Are hybrid agency models supported and critiqued?

The archetype is intimately connected to the second one (de-
tailed below), which is connected to the “technological unemploy-
ment”/“technological replacement” narrative [189]. In this narrative,
advanced machinery (thus including GenAI) should enable actors to
decrease the amount of time they spend on completing a given task.
In spaces of learning or work, however, do we have any guarantees
that time “saved” by employing advanced machinery will be used
to perform more productive tasks that are still conducive to the
development of the learners’/workers’ needed competencies?

Actors facing this dilemma should decide how much they are
willing to invest in the competencies by performing the task: what
competencies would they gain by adopting a “critical partnership”
model (i.e., inquiring the why, when and how to use a given tech-
nology)? What would they gain or lose by increasing cognitive
offloading? The positioning of an actor on the continuum between
Complete Cognitive Offloading (CCO) and Conscious Critical Part-
nership (CCP) should reflect the outcome of their decision. Invest-
ment in competency development would bring them towards CCP;
potential for enhanced productivity by cognitive offloading would
bring them towards CCO. The CCO/CCP dilemma is actually highly
nuanced and only a partial view of the larger issue: the question
is not only of an actor’s positioning in a continuum between CCP

and CCO, but also their agency in deciding whether to use or reject
the tool and the extent to which they use it. This dilemma also
raises questions about paradoxical impacts of AI (e.g., may hinder
productivity by creating new inefficiencies) and ethical questions
(e.g., who is responsible for outputs in the case of CCO?) [321].

In the following, we discuss possible instantiations of this dilemma
archetype DA1 for different classes of actors.

Individual stakeholder - students. Students may be tempted by
trying to offload “boring homework” to a GenAI tool — but if they
do so, will they still learn? Their dilemma would be:

As a student, do I try to use GenAI tools to do course-
work/exams in my stead (complete cognitive offload-
ing), or do I try to use them to enhance my own capa-
bilities (conscious critical partnership)?

Q1: What is the nature of the dilemma? The dilemma hearkens
back to a debate on the nature of using tools as aids for learning
that extends as far back as ancient Greece, with dialogues such as
the Phoedrus discussing the nature of writing. The question always
is: What human capabilities are we relinquishing, if any, by using
tools as cognitive aids?

Q2:What alternatives should be acted upon to resolve the dilemma?
In finding a resolution for the dilemma, students should consider
not only how they use the tool (and thus, positioning themselves
more towards CCO or CCP), but also whether they should use
GenAI at all. Renouncing partnership is, in some way, a form of
conscious critical partnership.

Individual stakeholder - educator. They may be tempted to offload
some of their own cognitive labour to “free up time”. What are,
however, the risks that emerge from this? We propose the following
dilemma:

As an educator, do I use GenAI to grade my stu-
dents’ work, or do I use it — if I feel the need for it
— to check whether I fully addressed the feedback
rubric/checklist?
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Table 8: Dilemma sets for dilemma archetype DA1: Offloading vs. Partnership.

Left-hand pole
OFFLOADING

Dilemma Sets Right-hand pole
PARTNERSHIP

Delegate exams and
coursework to GenAI

As a student, do I try to use GenAI tools to do course-
work/exams in my stead (complete cognitive offloading), or
do I try to use them to enhance my own capabilities (conscious
critical partnership)?

Use GenAI to enhance
my own capabilities

Grade students in my
stead

As an educator, do I use GenAI to grade my students’ work, or
do I use it — if I feel the need for it — to check whether I fully
addressed the feedback rubric/checklist?

Check tone/validity of
feedback

Complete vibe coding As a software developer (i.e., a computing professional), I
can choose whether I want to use GenAI to fully “vibe code” a
given programming task, or to use it for less critical tasks (e.g.,
providing first examples of non-critical tests in a test suite).

Validating test suites

Generation of study
plans

As a university (i.e., an organisation), we can use GenAI to
produce drafts of degree study plans, or curate our own study
plans, using GenAI to suggest potential gaps in coverage of
competencies.

Highlight missing com-
petencies in study plans

Q1:What is the nature of the dilemma? Educators may be tempted
to lean towards CCO to “free up their time”, but how should the
freed-up time be used? Time used in grading can, in some way,
represent time spent in caring for students. Educators should also
consider whether time spent grading represents — in some way —
an opportunity for an educator’s own professional development.

Q2:What alternatives should be acted upon to resolve the dilemma?
Educators who do not have a clear vision about how to use the freed-
up time for care should explore what opportunities for additional
care, or for additional learning, they see for their students. Resolving
the dilemma is not only about leaning towards CCO or CCP, but
also about deciding how one’s energies are directed and invested
when it comes to duties of education and care towards students.

Individual stakeholder - professional. The dilemma we propose
for professionals is that of a software developer deciding to use
GenAI to perform tasks connected to their mainline job:

As a software developer, should I use GenAI to fully
“vibe code” a given programming task, or should I use
it for less critical tasks (e.g., validating examples of
non-critical tests in a test suite)?

Q1: What is the nature of the dilemma? There has been ample
discussion on the effectiveness, solidity, and security of code pro-
duced by GenAI tools. Errors that GenAI tools may make not only
in the code itself, but also in the code’s documentation, potentially
compromise the stability and success of entire software projects.
“Vibe coding” may be a good way to close a task fast, but what could
be the long-term costs?

Q2:What alternatives should be acted upon to resolve the dilemma?
Developers should question what cognitive tasks can be safely of-
floaded to GenAI, and what — if any — opportunities GenAI may
offer to form multi-actor (e.g., developer: generative tool) partner-
ships. Much like in the previous case, software developers should
also position themselves on the continuum between high and low
use of GenAI.

Collective stakeholder - organisation. We also propose a dilemma
formulation from the perspective of a university department. In
fast-changing disciplines such as computing, a university may be
tempted to completely offload the task of generating a study plan
to a GenAI tool. The question, however, is whether the tool would
be able to effectively capture the nuances and needs of a study plan.

As a university, should we use GenAI to produce
drafts of degree study plans, or curate our own study
plans, using GenAI to suggest potential gaps in cov-
erage of competencies?

Q1: What is the nature of the dilemma? A study plan is not just
a collection of courses, but courses also need to fit specific institu-
tional criteria, which the GenAI tool may not take in consideration.
Additionally, if a field is subject to fast change, the inductive nature
of GenAI tools may lead them not to duly emphasise the specific
challenges that future graduates will need to face when working in
that discipline.

Q2:What alternatives should be acted upon to resolve the dilemma?
Since GenAI tools can perform tasks of summarisation and rough
pattern-matching, universities could look at uses of GenAI that, for
example, check study plans for potential saturation or spaces of
opportunity.

4.2.3 Dilemma Archetype DA2: Complete automation with AI vs.
Augmentation of human effort. Should decision-makers seek to re-
place human efforts with AI systems, or should they only use AI
to augment existing capabilities? This dilemma is the prescriptive
version of the CCO-CCP dilemma, in cases where relevant actors
are empowered to make decisions that direct or determine the roles
and actions of others. Fundamentally, the decision maker must de-
termine whether some individual or group should employ AI (or
not) to accomplish some task or perform an action.

The rationale for automation may include reduced cost, time
savings, greater precision, etc. Reasons for favoring more limited
augmentation might be fairness, authenticity, social or cultural
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mores, workers’ rights, etc. Or, as Denning has framed it, “A defi-
nition of productivity that prioritizes speed of task completion over
amplification of human capabilities - AI replacing human work rather
than augmenting it” [79].

The consequences of decisions captured by this dilemma may
be associated with individuals, definable groups, or society at large.
The nature and identities of the decision makers and those affected
by their choices determine which tensions are in play for a given
instantiation of this dilemma. At the center of this navigating this
dilemma is the “Human agency& oversight” cluster of ethical values
in the ESI-Framework. This leads stakeholders to pose questions
related to risks and reliability, computing ethics and professionalism
and use of power such as: Who is setting the agenda for AI adoption
in this context? What futures are we actively designing toward?

For example, when deciding on AI usage policies governing
course assignments, educators must navigate the tensions between
students desire to complete assignments quickly and efficiently and
learning outcomes associated with assignments [331]. Instructors
must determine whether using AI to accomplish an assignment runs
afoul of the learning outcomes associated with that assignment. If
using AI does not interfere with meeting learning goals, then use
of such tools might be permitted; otherwise, instructors might seek
to limit usage.

In a professional context, decisions regarding AI-enhanced soft-
ware development involve tensions between worker rights, happi-
ness, and professional reputation and organizational productivity,
quality, and efficiency. Organizations that produce software must
balance the time saved by using automated coding tools (e.g., Chat-
GPT, Copilot) with other considerations [101]. In some contexts,
there are business cases for limiting AI usage (e.g., correctness,
security, IP protection). In addition, there may also be moral and/or
philosophical reasons for limiting AI deployment related to the
nature of work and the role of human producers in society.

Professional communities must also grapple with how AI gets
included in shared activities. For instance, for many academic pub-
lishing venues, the number of submitted papers outpaces the size of
the reviewing workforce, putting reviewer time and review quality
in tension [144]. Reviewers who find themselves with excessive
workloads might prefer to save time by leveraging AI systems to
summarize and critique papers that they have been assigned to
review [1]. However, delegating peer review to a GenAI system
might compromise the usefulness and quality of generated reviews.

4.2.4 Dilemma Archetype DA3: Non-disclosure of use vs. Complete
detailed disclosure. This archetype gathers the dilemma of an indi-
vidual working on a task, trading off non-disclosure of the use of
GenAI in their work at the cost of providing complete and detailed
disclosure and acknowledgment of the use of AI. In doing so, they
either disclose their use of GenAI tools with transparency, or treat
the use of GenAI tools as any other tool where one does not need
to acknowledge its use. This archetype presents an ethical dilemma
to transparently disclose the use of GenAI tools or maintain a level
of opacity. This framing neither precludes nor assumes a net pro-
ductivity benefit with the use of GenAI for either the organisation
or the individual.

The positioning of an individual on the continuum between non-
disclosure of use and complete detailed disclosure should reflect

the outcome of their decision. Investment in basic knowledge of
AI use, and understanding ways that allows others to see clearly
why, what, and how it is being done would bring them toward the
right end; non-disclosure of AI use would bring them toward the
left end.

This dilemma is nuanced and highly contextual, lending only a
partial view of the larger issue: the question is not only of one’s
positioning in a continuum between non-disclosure versus com-
plete detailed disclosure, but also between the communication,
openness, transparency, trust, and accountability related to the
use/non-use of GenAI tools. Analyzing this dilemma centers on
the ESI-Framework’s cluster of ethical values of “Accountability
& responsibility” and the topics of “Honesty & deception” and
“Computing Ethics & professionalism.” This dilemma also relates
to the “Transparency & Explainability” in the ESI-Framework and
stakeholders can pose questions to support dilemma analysis: Are
feedback loops in place and trusted? How is value assigned to
maintenance, care, and community roles? Most of the university
policies that were reviewed in Section 3.4 require that students and
educators disclose the use of GenAI tools in their assignments or
work. However, this creates a dilemma: the loss of convenience and
agency that comes with the disclosure of use requirement when
using the tools vs. the loss of credibility if there is non-disclosure.

This dilemma archetype presents a tension across several stake-
holders, including students, teachers, or even professionals who
use GenAI tools publicly and privately. From a social perspective,
recent work shows that students’ use of AI and social norms are
shaped by their peers [145, 146, 262]. Consequently, the willingness
to disclose AI usage is also heavily influenced by students’ percep-
tions of whether and how their peers disclose their use. In a study
by Hou et al. [145], students described ‘hiding’ their AI use and
felt shameful about using the tools publicly in front of their peers.
So, while instructors can and do set policies that influence student
behavior, these norms also have the power to shape behaviors and
to reify emerging norms around public or private use of GenAI in
the classroom.

In many cases, the use of GenAI is difficult to acknowledge
because it could be used to brainstorm ideas, debug code or even
refine one’s writing, albeit making it hard to clearly delineate where
one’s own contribution ends andwhere the AI’s contribution begins.
Recent studies have even demonstrated that students are often
unaware of the extent to which they rely on AI support [282],
blurring the lines of attribution. There is lack of consensus about
best practices of the use of AI in the peer review process with
initial research advocating for a gradual approach with close human
oversight to maintain and uphold trust, transparency, and research
quality [310].

4.3 Discussion
Navigating the age of GenAI is complex and nuanced, as evidenced
by the three dilemma archetypes. Applying the ESI-Framework,
we demonstrate how to deconstruct dilemmas and generate al-
ternative paths of action to arrive at constructive ends whether
related to learning outcomes or greater social good. Through eval-
uating the coherence and practicality of the ESI-framework via
three illustrative dilemma archetypes, we used each of the dilemma
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Table 9: Dilemma set for dilemma archetype DA2: Automate vs. Augment.

Left-hand pole
AUTOMATE

Dilemma Sets Right-hand pole
AUGMENT

Allow full use of GenAI
to complete the assign-
ment

As an instructor, do I permit (or encourage) my students to
utilize GenAI tools for completing writing assignments (automa-
tion), or only allow them to correct for spelling and grammar
(augmentation)?

Prohibit use of GenAI

Allow full use of GenAI
to generate proprietary
code

As a manager of a software group, do I encourage my team to
increase productivity by using code-generation tools to enhance
proprietary software (thus exposing codebase to third parties,
potentially introducing security threats, etc.), or prohibit their
use?

Prohibit use of GenAI

Allow AI-generated pa-
per reviews

As an academic and professional interest group, do we allow
peer-reviewers to offload the review of submitted conference
papers to AI systems, or do we disallow their use when review-
ing?

Prohibit use of GenAI
when reviewing sub-
missions

Table 10: Dilemma set for dilemma archetype DA3: Disclosure vs. Non-disclosure.

Left-hand pole
NON-DISCLOSURE

Dilemma Sets Right-hand pole
DISCLOSURE

Non-disclosure of use of
GenAI to complete an
assignment

As a student, working on a task should I disclose or provide
complete, detailed acknowledgment of GenAI use in my work
or do I present the work solely as my own, even if it blurs the
lines of individual contribution?

Full disclosure of use of
GenAI to complete an
assignment

Non-disclosure of use of
GenAI to complete as-
signment

As an instructor, do I permit (or encourage) my students to
submit their work without a complete and detailed acknowledg-
ment of the use GenAI tools in their assignments (automation)
or not?

Full disclosure of use
of GenAI in the assign-
ment

Non-disclosure of
use of GenAI in pol-
icy/guideline

As a university administrator, do I focus my pol-
icy/guidelines on the full disclosure of the use of GenAI for
example, for student assessment, or encourage) permit the use
of GenAI tools as any other tools that do not need disclosure?

Full disclosure of
use of GenAI in pol-
icy/guideline

Non-disclosure of the
use of GenAI to com-
plete peer reviews

As an academic and professional interest group, do we allow
peer-reviewers to submit reviewswithout complete and detailed
disclosure of the use of GenAI tools in the review process, or
do we view GenAI tools as any other tools that people can use
and therefore do not need to acknowledge?

Full disclosure of use of
GenAI to complete peer
reviews

archetype to test the capacity of supporting multi-stakeholder rea-
soning. Dilemma analysis also allowed us to simulate how the
framework could be applied to specific scenarios of ethical chal-
lenges in GenAI use within computing education.

While we designed the ESI-Framework to guide ethical reflection
on concrete cases, such as learning design, integration of GenAI
tools in assessment, or institutional policy, this approach of pair-
ing the ESI-Framework with dilemma analysis can be extended to
additional dilemmas related to the ethical and societal impacts of
computing. Users of the ESI-Framework can begin with a specific
dilemma or scenario and identify the primary stakeholders (or per-
spectives) and social level(s). They can then use the ESI-framework
to identify which the ethical values most at stake, topics of ethical
analysis that are implicated, and then use the guiding questions

provided as a starting point to structure the ethical reflection and
deliberation. Users can then repeat the ESI-Framework process for
different stakeholder perspectives and identify how and where they
might interact. Thus, we recommend applying the ESI-Framework
as a flexible lens from the perspective of different stakeholders
who are involved or impacted by the given scenario as this will
illuminate possible ethical vulnerabilities, trade-offs, or benefits.

Central to these dilemmas are questions such as: How can I act
ethically and in ways that acknowledge and honour the needs of all
stakeholders? How can I ensure that the principles and guidelines
of the professional societies of which I am a member (e.g., ACM
and IEEE/ACM codes of ethics) are carefully adhered to when de-
veloping or purchasing AI systems and Educational Technology
platforms? How can I embed ethics, mitigate sociotechnical harms
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through harm-envisioning tools, and design GenAI with equity at
the forefront? How can I inspire and integrate this practice, mindset,
and approach into designing and teaching computing courses?

5 Limitations & Assumptions
The systematic literature review checked three key databases (ACM,
IEEE and Scopus) which we maintain provided a sufficiently broad
coverage of peer reviewed literature on the the topic of ethical and
societal impacts of GenAI in computing higher education.

However, this is a rapidly evolving field and is characterized by
highly active research into an emerging technology. This interest
was evidenced from our paper filtering process by the initial 3827
references returned from our initial searches. Thus, continuing de-
velopments, including those reported in non-refereed publications
and grey literature sources, will not be incorporated. Nonetheless
some references to arXiv [101, 365] have been incorporated in the
wider report. Yet we believe we have captured a comprehensive
landscape representing the field of computing higher education and
GenAI as reported at the time of the review.

Given the volume of papers and time available, we also chose to
limit the scope to higher computing education, so developments
in the field at lower levels of education were not addressed. The
manual filtering and searches for the ethical and societal impacts
was time consuming, but an effort we believed justified, as limiting
the search by terms such as “ethics” or “social impacts” would have
missed the bulk of the insights this review was able to glean from
the nearly 400 articles looked at in-depth.

We worked through the papers, led by an initial protocol, both
individually and as a team, with a data extraction process guided
by research questions one and three and an initial set of codes from
Martin et al., [227] and those that emerged as the review continued.
We consulted regularly to agree and refine our approach to analysis.
There will no doubt have been some inconsistencies, but we have
extracted the key codes and themes from the data. Future work can
extend the scope and analyze this topic with greater depth.

Based on our analysis there was an evidenced excitement and
enthusiasm for GenAI technology demonstrated by the volume of
literature and illustrated by the top code of 71 papers in Figure
5 showing a positive ‘contribution to learning’. In contrast there
was a lesser disciplinary focus on ethical and societal impacts, as
critiqued by key figures in the ACM and IEEE professional societies
[79, 260, 348] and so we highlight a likely publication bias, towards
the reporting of positive results from use of the technology which
should be considered.

Our policy evaluation was limited to a set of 21 institutions, leav-
ing room for further research in this area. While we assume that
gathering examples of policies with international representation
would provide us with a comprehensive view of policies, we ac-
knowledge that this may or may not actually hold true. With GenAI
use expanded rapidly in teaching and learning both in and outside
the walls of the institution, this policy analysis is but a snapshot at
a moment in time. Moreover, with the transition already underway
to agentic AI [191], we anticipate that policies should and will shift
as time progresses and institutions respond accordingly.

The ESI-Framework draws on multiple social levels and stake-
holders positions, however they are not visually represented in

Table 6. Instead, these perspectives are activated by the user when
applying the framework to a specific dilemma or scenario. On one
side the design of the ESI-framework provides flexibility but on
the other side it places interpretative responsibility on the user.
Hence the effectiveness of applying the framework may depend on
the user’s familiarity with computing education, ethical reasoning,
stakeholder awareness and contextual understanding.

The ESI-framework is grounded in an extensive literature review,
policy evaluation, and expert reflection. However, it has not yet
been systematically tested with a wide range of stakeholder groups
or across different educational settings.

6 Future Work
The ESI-Framework paired with dilemma analysis highlights the
need for future research to take critical, interdisciplinary approaches
that take into account micro, meso, macro levels [223] and the
broader economic, political, social, socio-technical, and historical
context [105, 110]. It is also crucial to attend to the crucial con-
nections between and among the macro, meso, and micro levels
since attending to these connections provides a lens into the power
dynamics at play between and among these levels, providing in-
sights into the root cause of competing priorities. Exploring ad-
ditional dilemma archetypes and tensions while leveraging the
ESI-Framework as a ‘compass’ opens a way to navigate the GenAI
landscape with intentionality and deliberation. At the same time, it
is crucial to note that the ESI-Framework is intended to be dynamic
and responsive with room for refinement in the face of new findings
and evidence.

The emerging code tentatively named Ethical Learning (Sect. 2.1.5)
has been elicited from the set of Educational Insights. As a potential
ethical risk directly linked to higher computing education (if not
more broadly), Ethical Learning points to an area ripe for future
investigation.

The current set of dilemma archetypes is not exhaustive. These
three ones are intended to demonstrate how the ESI-Framework can
be applied to real-life scenarios. Further validation involving stake-
holder testing and practitioner narratives and reflections, as well
as empirical data drawn from the ever growing body of literature,
may help develop more archetypes and contribute to strengthening
the reliability and applicability of the framework.

Applying discourse theory to computing education dilemmas
and case studies could lead to insights. Documenting stakehold-
ers’ discourse as they navigate tensions and dilemmas in decision-
making around computing pedagogy and content aligns with the
needs to explore the nuanced ways in which difficult decisions are
made. Insights from multidisciplinary research (e.g., human factors,
cognitive, technical) [215] that is grounded in the ESI-Framework
within the context of dilemma analysis could lead to a deeper un-
derstanding of the intersecting factors that define users’ experience
of AI systems. This type of analysis may yield important insights
into how stakeholders weigh benefits vs. risks, opportunities vs.
challenges, and harm vs. good.
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7 Conclusion
In this paper, we have investigated the impacts of GenAI on higher
computing education and outlined the results of a systematic lit-
erature review (addressing RQ1), an evaluation of a broad set of
international policies that illuminates the socio-technical dynamics
operating in higher education institutions (addressing RQ2), and
the development and validation of the ESI-Framework through
dilemma analysis (addressing RQ3). Collectively, these results aim
to inform research, practice and policy development in this rapidly
evolving field. The ESI-Framework developed through this project
is intended to guide computing education faculty and institutions
navigate this complex landscape, providing a framework that ac-
knowledges the tensions and nuances behind both creating and
using GenAI. The ACM Code of Ethics and Professional Conduct
begins by stating that “Computing professionals’ actions change the
world" [119]. The need to build frameworks that support delibera-
tion and reflection on the ethical and societal impacts of computing
to support the public good is urgent and pressing, with technolo-
gies impacting access to and experience of education, employment,
healthcare, and voting [2]. Indeed, the principles within the ACM
Code are presented as statements of responsibility based on the
premise that designing and creating technologies for the public
good is of primary importance. The ESI-Framework and dilemma
analysis provide a framework for the higher education comput-
ing community to engage in open discussions about ethical issues
to advance fairness, accountability, transparency, inclusion, and
trust through a human-centered, decision-making process toward
human flourishing for all.
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