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Abstract
Generative AI has a wide range of impacts on how we access and
use information, particularly as educational settings and perspec-
tives differ greatly across different locations. These effects extend
broadly across our society and include negative impacts on intellec-
tual and creative works and the potential infringement of author-
ship. They also include positive effects on engagement with social
responsibility and the societal role of computing. The differences in
institutional Generative AI policies, available funding, accessibility
to tools translated in relevant languages may create challenges to
equal and equitable tool access, their responsible use, and ethical
questions about the use of AI tools and the impact of uneven student
knowledge of their benefits and limitations. In addition, Generative
AI introduces questions concerning academic integrity, bias, and
data provenance. All these aspects have increasingly been the focus
of computing education research studies, however our analysis has
found that Global South perspectives are largely missing from the
corpus of work. In this paper we conduct a landscape analysis on
Global South ethical perspectives related to the use of Generative
AI tools in computing education contexts. We identify critical sup-
ports of Global South ethical frameworks and explore how these are
considered across the Global South computing education literature.
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1 Introduction
The rapid expansion of Generative Artificial Intelligence (Genera-
tive AI) tools has sparked intense debate about their ethical and ed-
ucational implications [29, 82, 98, 144]. Generative AI technologies
have the potential for innovating learning, teaching, and research,
but their use raises equally complex questions about integrity, eq-
uity, and responsibility. While global discourse around the ethics
of AI has been extensive [54, 103, 146, 199], it has remained largely
anchored in Eurocentric frameworks that may overlook the lived
realities, educational priorities, and value systems of the Global
South. This imbalance risks reproducing historical asymmetries
in knowledge production, data sovereignty, and technology gover-
nance, perpetuating dependency rather than enabling agency.

Existing works on the use of Generative AI in computing edu-
cation primarily focus on personalised learning systems [85, 107],
code generation assistance [100, 128], code comprehension [31, 124],
and automated assessment tools [63, 123]. However, there is a lack
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of comprehensive studies on secondary education contexts, non-
English environments, and the impact of Generative AI on long-
term educational outcomes. Furthermore, ethical perspectives are
rarely the main focus of investigation [32, 113, 146]. Although there
are several surveys that analyse ethical considerations within the
Global South [79, 129, 172, 178], none, to the best of our knowledge,
contextualise these within computing education, and few address
the breadth and depth of the many Global South and Indigenous
ethical frameworks.

To address this challenge, the focus of this working group has
been on identifying the ethical perspectives on Generative AI in
computing education as they are framed and discussed within the
Global South.

There are many documents produced that discuss and define how
ethical principles can be applied in the area of artificial intelligence,
with two leading examples from UNESCO and the OECD [171, 190],
but such documents reflect, by default, the societal and govern-
mental paradigm of those states and communities that dominate
global discourse, values, and trade: the Global North. The values,
principles, and ethical expectations of the countries in the Global
North do not necessarily reflect, include, or even acknowledge the
same aspects of the Global South. While existing ethical documents,
theoretical and applied, can be very useful, we risk disenfranchising
the large and diverse populations of the Global South if we do not
determine what their fundamental understanding is of key ethical
values and principles.

There are many ways to identify how concepts are understood
and applied but one of the key research approaches is the use of
descriptive research [58], where researchers identify what is hap-
pening in an area, which provides a foundation to understand why
this is occurring and how it is occurring. Descriptive research is
already an established approach in Computer Science Education
Research, providing the basis for later hypothesis driven work, as
well as assisting in gaining insight into an area that is not fully
understood [49]. Two useful tools for undertaking descriptive re-
search are discourse analysis of relevant texts, to treat a text as
language in action to identify cultural and social structures, and
landscape analysis, where the results of our discourse analysis are
considered in terms of their connections and how they then map
to the cultures or communities under study [25]. The landscape
analysis sets our focus out to a wider view, while each individual
contribution to the landscape is analysed to determine how it all
connects.

In this paper, we conduct a landscape analysis of ethical frame-
works across countries in the Global South and identify several
‘support concepts’ that are used to frame each perspective. Ethical
frameworks are constructed atop an identified set of values and key
principles, where the values and principles provide the support for
the overarching framework. Given the known diversity of values
and principles at the global and regional level, classifying these all
as support concepts allows us to recognise how and why ethical
frameworks may be more or less suitable for a given community
seeking this knowledge. These supports present an extensive view
of the ethical school of thought across the Global South, and cover
many aspects that are either not present in a Western perspective
or framed in a significantly different manner. To contextualise these

supports within the topic of Generative AI and computing educa-
tion, we then present an analysis of the different perspectives of
Global South researchers on the topic, as framed by these supports.
Our analysis places the discussion within broader questions about
fair access to technology, data sovereignty, language diversity, and
the power structures that shape digital systems. These issues are
especially important in contexts with limited resources, unequal
access, and diverse cultural ways of knowing. Our contribution is
twofold:

• A list of ethical concepts extracted from various Global South
ethical frameworks.

• An in-depth analysis of how these concepts are contextu-
alised in discussing Generative AI in computing education
in the Global South.

2 Ethical Perspectives in the Global South
We present in this section several ethical perspectives across the
Global South. We discuss first the term Global South and highlight
its many facets. We then present an overview of some of the ethical
perspectives and frameworks present in the Global South and dis-
cuss their diversity. We also highlight a principle-based approach
to considering ethics and discuss how it shapes our method.

2.1 The Global South
The term “Global South” broadly refers to regions in Latin America,
Africa, Asia, and Oceania. It is used to describe areas outside Europe
and North America that are mostly, though not always, lower-
income and often politically or culturally marginalized [53].

Brooke-Holland [37] of the UK parliament claims that the term
‘Global South’ “has become a widely used term in discussions of
international politics and diplomacy, but not everyone thinks it is a
helpful term”. She goes on to add:

There is no definitive definition of the Global
South, which means there is no definitive list of
countries. One way of identifying countries is
to look at the membership of the G77, a group
of developing countries established in the 1960s
to articulate and promote their collective inter-
ests at the United Nations. The group now num-
bers 134 states fromCentral and South America,
Africa, Asia and Oceania, and refers to itself as
the ‘Global South’.

As such using the term in the context of computing education, as
noted byWong-Villacres et al. [186] surfaces a range of complexities
when considering ethics in teaching and learning computing

in the Global Souths when curricula are ori-
ented by Western traditions. We use the plural
of Global Souths to indicate that there are multi-
ple and overlapping ‘Souths’, or geographic and
conceptual spaces, that are negatively impacted
by contemporary capitalist globalization. . . and
the US–European norms and values exported in
computing products, processes, and education.
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A list of countries deemed to be within the Global South is main-
tained by the charitable organisation The British International Stud-
ies Association1. In establishing the ethical framework supports dis-
cussed below we have also added indigenous communities within
nation states (such as New Zealand Māori, Australian Aboriginal
and Torres Islander peoples), as southern hemisphere examples.

2.2 Ubuntu and other African Ethical
Perspectives

Ubuntu, a well known philosophy prevalent in Southern Africa,
guides ethics from the traditional standpoint. It emphasizes hu-
maneness, the interconnectedness of humanity, deep kindness and
the importance of compassion, empathy and communal well-being,
while recognising the importance of individual contributions to so-
cial good [14]. Ubuntu highlights relational personhood and social
responsibility [114].

There are, however, other lesser-known principles that support
ethical action in Africa that could enrich the discourse on the con-
tinent. Gyekye [70] gives an overview of African ethical principles
and emphasizes individual good character and community-centred
ethics. African ethical perspectives explore concepts such as ethical
and moral personhood, the common good, and communal values,
displaying the social character of African ethics that can be con-
trasted with individualistic ethics.

For example, within the Akan repertoire: ’The well-being of man
depends on his fellow man (onipa yieye firi onipa)" [70]. Other ac-
counts of African ethics from the east, and west of the continent are
also characterized by communal flourishing. Such concepts include
Hunhu, Harambee, Ujamaa, Ukama and Sankofa. Ukama, literally
means kinship and relatedness. Ujamaa is the Swahili word for
‘familyhood’, or ‘extended family’ or ‘brotherhood’. It was devel-
oped and popularized by the former President of Tanzania, Julius
Kambarage Nyerere, who employed it as the basis for a national
development program and agenda [60].

Folk wisdom and idiomatic phrases found in oral tradition are
also sources of ethical principles. For example, Hu Ìwà Sí i bí Ènìyàn
E. lé·ran-Ara, which means to act towards the other as one with
human flesh, is part of a Yoruba theory of social interactions in
west Africa and guides ethical approaches to interactions [6].

The Ma’at ethics from north Africa is the application of the
principle of balance, harmony, and order.Ma’at is a set of standards
which defines proper ethics, morality, and conduct, and an ethical
person behaves in accordance withma’at when they follow these
principles [132]. Overall, the principles explored above highlight
a tendency to ground ethics on human interconnectedness and
personal character traits that contribute to individual development
and societal growth. These principles offer a foundation for the
development of context-specific guides for ethics in computing
education. At present, however, there is limited work that explicitly
integrates these concepts into computing ethics education.

2.3 South American Ethical Perspectives
South American ethical perspectives are frequently articulated
through relational ontologies that foreground Buen Vivir (“living

1https://www.bisa.ac.uk/become-a-member/global-south-countries

well”) as an alternative framework to individualistic models of de-
velopment [41]. Buen Vivir emphasizes harmonious relationships
among humans, communities, and nature, grounding ethics in reci-
procity, solidarity, and collective responsibility rather than accu-
mulation or growth [179]. Across Ecuador, Bolivia, Peru, Colombia,
Chile, and Argentina, these ideas draw on Indigenous epistemolo-
gies that understand wellbeing as inherently relational and eco-
logical, where nature is a living subject rather than an exploitable
object, and social life is sustained through mutual care and inter-
dependence [41]. Within this tradition, Suma qamaña (Aymara) in
Peru and Chile emphasizes collaboration, reciprocity, and respect
for traditions enacted through everyday communal practices and
ethical obligations toward the natural world [137]. Similarly, Sumak
kawsay (Quechua) in Ecuador and Peru emphasises communal iden-
tity, social cohesion, and solidarity, framing life as the collective
continuity of community and culture rather than individual success
[52, 137], and orienting this vision towards a sustainable future
across much of South America [179].

2.4 South East Asian Ethical Perspectives
South East Asian ethical perspectives are deeply shaped by rela-
tional, communitarian, and harmony-oriented world-views that
emphasise social cohesion, moral self-cultivation, and balanced re-
lationships between individuals, community, and nature. Drawing
on Confucianism, Buddhism, Islam, and indigenous perspectives
such as adat, ethical frameworks and perspectives in countries in-
cluding Indonesia, Malaysia, Thailand, Vietnam, Cambodia, and
the Philippines prioritises reciprocity, respect for hierarchy with a
focus on responsibility, and maintaining social harmony over indi-
vidual autonomy [36, 101, 118]. Buddhist ethics include concepts
such as compassion (karun. ā) and non-harm (ahim. sā), encouraging
moral action that reduces suffering for both human and non-human
life [101]. In maritime South East Asia (Brunei, Indonesia, Malaysia,
the Philippines, Singapore), ethical traditions emphasise communal
obligation, social justice, stewardship of nature (khalifah), and soli-
darity (ummah) together with the idea of interconnectedness and
community, with respect for all life [36]. This is often considered
together with indigenous adat norms that regulate reciprocity, land
use, and collective responsibility rather than individual maximisa-
tion [118].

2.5 Māori and Indigenous Perspectives
Tikanga refers to the practices and customary law of the Māori com-
munities of Aotearoa [116], which are deeply embedded in social
practice. Ethical considerations are framed as a relational, collec-
tive, and place-based practice grounded in community authority,
reciprocity, and responsibility. In Māori perspectives, frameworks
such as Te Ara Tika emphasise whakapapa (relationships and con-
nectedness), tika (doing things in the right way), manaakitanga
(care, respect, and cultural responsibility), andmana (justice, equity,
and the protection of dignity), highlighting that ethical action must
sustain both people and relationships across time. Likewise, for
Aboriginal and Torres Strait Islander peoples in Australia, ethical
guidance stresses Indigenous self-determination, Indigenous leader-
ship, meaningful benefit, sustainability, accountability, and respect
for diverse knowledge systems [21]. Across these perspectives, a
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Figure 1: Schwartz Values Structure ex [138] Words in black boxes are values categories, each subdivided into values.

shared theme is that knowledge is embedded in Country, kinship,
culture, and collective custodianship [87]. Similar world-views en-
compassing respect for local knowledge and one another; valuing
family and community; and preserving the ecologies of land, people
and relations over time can be observed in indigenous communities
in the Pacific [145] and Peru [192]. While the focus of this work
rests on the needs of the Global South, including the concerns of
indigenous groups within that grouping is legitimate, even if some-
what occluded through membership within being geographically
located within the borders of countries that are not considered to be
within the Global South. Indigenous communities have more often
been the target of Eurocentric colonialism [46], the Global North,
thus their needs and value systems must equally be considered.

2.6 Diversity of Ethical Frameworks
The overview of the various ethical perspectives presented above
highlights the impossibility of identifying a single ethical perspec-
tive that can be uniquely classified as ‘Global South’. Such a mono-
lithic model would not be effective or acceptable, and as Wong-
Villacres et al. [186] have argued: “no single ethics code or set of
guidelines can reconcile the diverse ethical principles, orientations,
and questions that arise” [186]. Similarly critiquing universal mod-
els, as bluntly phrased by Karaitiana Taiuru “we do not force our
tikanga [customs] on another group”[165]. In addition, it is impor-
tant to note that influential computing curricula, such as reported

in [43], have produced sets of guidelines that could be adapted and
used globally, however:

they reflect US–European norms and values
and do not clearly acknowledge the ethical para-
dox in assuming these should hold in the Global
Souths. Indeed, no single ethics code or set
of guidelines can reconcile the diverse ethi-
cal principles, orientations, and questions that
arise amongst the many different philosophi-
cal, constitutional, and administrative systems,
religions, languages, and ethnicities around the
world. . . nor the complex politics that shape the
priorities of international computing curricula
[186].

In this paper, we deliberately highlight the tension between the
predominant value systems driving the Global North and those of
the Global South. While a high level classification of values across
a range of countries cannot be definitively inclusive or exclusive of
any value or value set, we can speak in terms of aggregate presen-
tation of values and the tendencies of these nations as a whole. The
Global North tends to be driven primarily by individual stakeholder
focus and the historical colonialism that accompanies and underpins
settler societies [28]. In the context of technology and Generative
AI, this is manifested in the desire to homogenise heterogeneity
of culture, data, and practice, in order to achieve efficiencies. This
perspective does not apply to the Global South, where the concerns
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are closer to family, Country, and groups such as tribes and sub-
tribes. As such, in this paper we focus on highlighting the diversity
of ethical perspectives in the Global South, the pillars and concepts
that define them, and their relationship with Generative AI.

Figure 2: Schwartz Higher Order Values Grouping the Ten
Basic Values ex [155]

2.7 Theory of Human Values
Value systems have a range of impacts upon individuals, groups,
and society as whole, where achieving outcomes in alignment
with our values can serve a wide range of interests as outlined
in Schwartz’ development of a theory of human values [155]. In
this work, Schwartz identified some clear distinctions with ten basic
value categories that could regulate individual and social expression
as shown in However, it is possible to apply additional grouping
categories through two approaches, higher abstraction and the
recognition of the impact of anxiety on human value attainment.
In Figure 1, the anxiety value dimensions are polarised as we can
only meaningful hold one of the pair of values. Thus, two polar
value dimensions for values include people’s interests and their
own level of anxiety. In the diagram, those values towards the top
of the diagram are in the area of personal expression, whereas those
values below the midpoint are more on relating to others, social
interactions, and how their interests are affected. On the figure,
those values to the right of the centre are more focused on growth,
when the ones to the left are more focused on self-protection. It is
important to note that these boundaries have significant space of
overlap and that the categorisation system chosen has a very large
influence on any meaningful groupings. [155]. Figure 1. Schwartz
recognised that these categories of motivational values could be
grouped into four higher order values: openness to change, self-
transcendence, conservation, and self-enhancement, as shown in
Figure 2.

This distinction has been highlighted in a critique analysing
Values in Computing and the ‘Sharing Economy’ and the behaviour
of Uber as a company [45]. Clear [45] identified a clear skew of
values exhibited by Uber, based on the Schwartz model [154] as a
value set primarily based on an individualistic mindset, oriented to

power and achievement, but competing value systems do exist and
a balance should be struck. An example of such values are offered
by the Ubuntu perspective when applied for example to the Uber
case study. Ubuntu occupies a spectrum opposite to that of Uber
as a company, emphasising self-transcendence (universalism and
Benevolence from figure 1) and conservation (conformity, tradition
and security from figure 1) with a social focus as driving values.
So in a sense we see a clash between an individualistic and capi-
talistic set of values and one with a communitarian, human and
sustainability focus. These in turn represent the tensions between a
“big-tech” driven form of AI and computing and a model based on
Ubuntu such as [16, 117] or one supporting indigenous sovereignty
values [38].

2.8 Principles-based Approaches
The diversity of the ethical frameworks described above leads to
an understanding that no ‘Global South’ ethical framework can be
extracted and generalised from existing frameworks, without gener-
alising and wrongfully framing those existing ethical frameworks,
often through a Westernised, colonialism-focused perspective [38].
A more suitable approach is one that identifies concepts or sup-
ports and discusses how they are considered geographically. The
field of biomedical ethics advanced what has since been termed a
‘principles-based approach’, where moral principles or derivative
rules are typically applied to typically novel situations or moral con-
flicts [26]. A similar principles-based approach has been adopted in
the ACM approved IEEE-CS Software Engineering Code of Ethics
[68], with statements such as:

Ethical tensions can best be addressed by thought-
ful consideration of fundamental principles, rather
than blind reliance on detailed regulations. These
Principles should influence software engineers
to consider broadly who is affected by their
work [68]

So, a principles-based approach aims to support both broad prin-
ciples for a general ethical code and their specific application in a
context demanding ethical deliberation.

In surveying AI ethics guidelines around the world, notably pre-
dating the advent of Generative AI, Jobin et al. [93] identified a set of
ethical principles in existing AI guidelines, including transparency,
justice and fairness, non-maleficence, responsibility, privacy, benef-
icence, and freedom and autonomy among others. An example of
the use of a principles-based approach is taking the above global
principles and reframing them as Responsible Algorithm Principles,
which allowed them to be mapped in a New Zealand Māori indige-
nous context as Māori Algorithmic Sovereignty (MASov) Principles
[38]. The motivation for Māori Algorithmic Sovereignty discussed
above has arisen from concerns about how systemic biases from
algorithms tend to impact marginalised communities and reinforce
historical and current injustices, with ‘colonising bias’ a particular
concern, defined as:

Colonising Bias: Prejudice or injustices against
an indigenous group due to the effects of coloni-
sation, that results in negative outcomes for
that group [38]
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The global Responsible Algorithm Principleswithin aNewZealand
Māori indigenous context then, were mapped against the Māori
Algorithmic Sovereignty (MASov) Principles [38]. The broader Māori
terms such as Rangatiratanga were seen to encompass a group of
the Responsible Algorithm Principles - (Fairness and justice, responsi-
bility, beneficence, freedom, trust and dignity)[38]. Likewise, Māori
terms reflecting broader notions of guardianship or care such as
Kaitiakitanga were mapped to (Transparency, fairness and justice,
responsibility, privacy, trust, sustainability, solidarity) [38].

Another important point to highlight is that when working with
a principles-based approach to ethics and professionalism in com-
puting and AI, differences in languages and perspectives must be
navigated. But, it appears that bridging through some commonality
of language and terms across the Global North and Souths may
be possible through the idea of highlighting and contextualising
the discussion of principles and supports as discussed below in our
research method.

2.9 A Principles-Based Approach to Landscape
Analysis

We have identified that we seek to identify global ethical principles
in this area and then seek their matches, contradictions, and exten-
sions, in the practice, principles, and cultural contexts of the Global
South. The global ethical principles provide us with a base search
vocabulary and thus a starting point for discourse analysis, where
we treat each document or written artefact as an expression of the
local interpretation of a set of concepts, moderated by an individual
author or organisation. Each document is then a source of potential
matches for the unaltered words used to describe global princi-
ples but, through context and association, they are also a source of
related contexts, local vocabulary, and local cultural, ethical, and so-
cietal concepts. A semiotic lens, where the narrative is examined in
terms of what it signifies and how this reflects local interpretation,
also provides a pathway to understanding how locally introduced
concepts discussed around a global principle can then be associated
with them.

Consider the Finnish term sisu, which has no strict translation
into English, but encapsulates a national sentiment of resilience,
toughness, indefatigability, and stoicism. A Finnish document that
explored concepts of individual resilience is highly likely to use the
term sisu, allowing a non-Finnish reader to identify that the term
is at least adjacent to resilience, if not confirmed as a synonym.
Similarly, a document from certain countries in Africa would be
likely to associate Ubuntu with community and harmony, reflecting
the cultural context, the association, and identifying a local cultural
concept that can be associated with a Global Principle.

Landscape analyses, where we seek to unify or at least collate
what has been extracted through discourse analysis, do not merely
identify matches but also may identify concepts important to the
culture surveyed that have no definition at the global area - or are
not considered sufficiently significant to be included in a list of prin-
ciples unless it is exhaustively long. Thus, the researchmethodology
we have followed is based on a notion of discovery and representa-
tion, rather than requiring confirmation in terms of alignment with
existing concepts or excluding terms that have a small number of
occurences.

3 Research Method
Our method for identifying ethical perspectives on Generative AI
in the Global South is focused on inclusion and contextualisation.
Specifically, rather than imposing predefined Western ethical mod-
els, the coding process sought to recognise contextually grounded
interpretations of ethics, such as responsibility, accountability, or
collective benefit. This ensured that ethical perspectives were inter-
preted not only through normative frameworks but also through
the lived realities and local knowledge systems represented in the
papers. In the following, we present our methodology, focusing on
initial coding, categorisation, analysis and discussion.

3.1 Overview
The method was conducted in two phases, where the operations
took place over two quite distinct datasets.

• In Phase One, publications that addressed ethical concepts
within the Global South and associated communities were
analysed to extract all of the terms for principles and con-
cepts that were considered to be important and valuable.

• In Phase Two, these identified termswere then used as search
terms within papers that had been produced by authors
from the Global South around Generative AI in computing
education in the context of the Global South. The occurrence
of a term could indicate a meaningful use of term in a way
that aligned with its original meaning in Phase One or it
could be an incidental, non-significant, usage of the term.

This two phase process meant that there were four possible out-
comes for any term identified in Phase One.

(1) A term identified in Phase One could be found in literature
examined as part of Phase Two, carrying its original meaning
in the context of an ethical concept.

(2) A term identified in Phase One could be found in literature
examined as part of Phase Two, but with a different meaning
or used in a different way that did not indicate contextual
alignment with the original term.

(3) A term identified in Phase One might not be found in lit-
erature examined as part of Phase Two, as the term was
so localised or specific that, although its meaning may be
present, the exact term could not be found.

(4) A term identified in Phase One could be might not be found
in literature examined as part of Phase Two and this would
indicate no aligned conceptual content in the corpus.

It should now be clear that this means that the number of terms
originally determined in Phase One does not prescribe the number
of terms that would be located and be contextually significant in
Phase Two. As we will discuss, some terms had very high elimina-
tion rates, as their alternative meanings were commonly used in
ways that did not match the original ethical concept.

3.2 Process
Our process is summarised in Figure 3 and contains four main steps:

• Phase 1
Step 1 Identification of ethical concepts:

– Identify the candidate materials to review to extract
valid ethical supports for the Global South
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Figure 3: Overview of Search Process
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– Select the ethical supports
• Phase 2

Step 2 Paper set selection: Identify a large body of relevant papers
from ACM, IEEE, and Scopus using well-crafted search
strings and with:
– well-defined exclusion criteria
– well-defined inclusion criteria

Step 3 Ethical concept searching:
– Apply an automated search process to identify papers
that contained references of any kind to the identified
supports

– Review each identified term in each paper to establish
whether the use of the term is valid and contextualised
within the Global South.

– Reduce the paper set to contain only valid term uses
Step 4 Summary and Discussion: Summarise the specific issues

relating to each term that had been identified in the paper
corpus.

3.3 Step 1 Identification of Ethical Concepts
We discuss in this section our approach to identifying the range
of underpinnings, supports, concepts or other pillars of ethical
principles within the Global South. We used a variety of resources
that discuss various ethical perspectives distributed geographically
across the Global South. Each member of the group was respon-
sible for a geographic region, and collected relevant papers that
were then discussed with the entire group, and relevant concepts
extracted. These concepts were then evaluated by a four person
subset of the group, with a mutual review of terms discussed in
meetings and through shared collaboration tools. These terms are
as shown in Table 1

Building on the ideas of ethical diversity discussed in Section
2.6, we avoided a thematic analysis as the implicit abstraction to
a theme can mean that the original subtlety in the semantic dif-
ference between terms can be lost, and that the contribution of
any individual element to a corpus can be overshadowed if other
themes dominate. An example of subtlety in term meaning is given
in Section 3.3.1.

Thus, rather than seeking themes, based on a semantic grouping
for abstraction and occlusion, we used syntactic comparison of the
concepts identified to reduce complexity and duplication without
reducing the contribution of elements that only arose once. This
would mean that concepts such as ’collaboration’ and ’collabora-
tive’ would be selected together under the same label. In contrast,
the process of systematic synthesis reported in [50] is depicted in
Figure 4, where the process of concentration tends to compress and
inherently lose local ownership of important but discrete concepts.

The initial work in identifying terms that underpin ethical dis-
cussions from the existing literature revealed 161 distinct supports.
Grouping terms that were identical reduced this number to 143
terms, attached as an Appendix, Section A, and then grouping these
further by the leading single word in any cluster reduced the num-
ber of unique terms to 125 terms. These were then grouped by
similarity of terms to provide an indicative frequency of similar
terms. It is important to note that this grouping is not meant to
suggest or support a subordination of any of the contributing terms,

Figure 4: Thematic Synthesis Progression (Cruzes and Dyba
[50])

as each of these terms was derived from a paper that represented
one or more cultures as shown in Table 1.

In addition, even the grouping of geographical locations into
shared concepts referred to as “countries” is potentially reductive,
as Hau’Ofa [76] notes. Original inhabitants of the islands in the
Pacific Ocean would refer to seas of islands in a pre-colonial view,
rather than grouping the islands into larger administrative, political,
and cultural organisations that could then be labelled as countries.
Further, the supra-national groupings of countries based on a post-
colonial set of relationships and common language, can also be seen
in the unifying phenomenon of the “Anglosphere” as explored in
the book on settler societies by Belich [28].

We note that our underlying assumption is not that we can unify
all of these disparate ethical frameworks into a unified whole, as this
is at odds with a great deal of indigenous knowledge and practice.

3.3.1 Complexity of Terms. As noted, a risk with thematic abstrac-
tion is that we do not just reduce the overall complexity inherent
in the multidimensional thematic space defined by a rich variety of
terms, but that we simplify individual terms to a point where they
lose their individual semantic richness. For example, the grouping
‘time’ associates the extracted support components:

• conceptualization of time
• theory of space and time
• time, context and the environment

It is immediately clear why grouping these as time has identified
a concept that connects them, yet all of these uses of the term are
different. Time as a convenient container for describing a concept
that arises in several source works is useful but not as a thematic
abstraction that can capture the nuance of the cited works. How-
ever, searching for papers that have authors or research located in
the Global South, and that contain content that can be associated
with one of the container terms is likely to increase the overall di-
versity of the literature in a way that aligns with existing identified
supports.

Elaborating on this issue, the ‘concept of Time’ for instance,
presents a very complex research phenomenon. As observed in
a global collaborative educational context [47], time can be seen
to encompass multiple dimensions such as: ‘cyclical time’ as ex-
pressed in the cycles of seasons or semesters; ‘clock time’ as in
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Table 1: Ethical concepts mapped across Indigenous, cultural, and AI governance frameworks

Framework Region Ethical concept group

AIATSIS Code of Ethics [21, 22] Australia impact; sustainability; tradition
Buen Vivir [179] Ecuador, Bolivia, Peru,

Colombia, Chile, and Ar-
gentina

nature; reciprocity; relationship; solidarity

Fonofale [136, 145] Samoa community; health; holism; relationship; spirit; time; tradition
Ga [14] Western Africa (Ghana) communal; justice; longitudinal responsibility; responsbility
Global AI ethics guidelines [93] Global agency; choice; clarity; communal; dignity; freedom; harm;

health; integrity; justice; liability; liberty; nature; privacy; pro-
tection; responsibility; safety; transparency; trust; virtue

Harambee [184] Eastern Africa (Kenya) communal; community; generosity; responsbility
Hu Ìwà síi bí Ènìyàn E. lér.an-Ara [6] Western Africa (Nigeria) dignity; justice; reciprocity
ICT4D–Indigenous Quechuan People
in Peru [192]

Peru community; family; nature

Indigenous Standpoint Theory [89] Tanzania collaboration; presence; reciprocity; respect; responsibility;
safety; virtue

Ma’at [132] Northern Africa (Egypt) harmony; health; integrity; justice; structure
Māori Algorithmic Sovereignty Prin-
ciples [38, 119]

New Zealand beneficence; dignity; freedom; justice; responsibility; solidarity;
transparency; trust; agency; ethics; privacy; truth; care; family;
health; reciprocity; tapu; tradition

Menkiti’s Philosophy [130] communal; community; identity
NHMRC [125] Australia reciprocity; respect; spirit; tradition; virtue
Nnobaa [20] Western Africa (Ghana) collaboration; communal; dignity
Omoluabi [23] Western Africa (Nigeria) freedom; integrity; responsbility; virtue
Pacific World-views & Frameworks
[167]

Samoa, Tokelau, and Tonga family; holism; spirit

Principles of Biomedical Ethics [26] Global beneficence; non-maleficence; autonomy; justice; veracity; con-
fidentiality; privacy; fidelity; professional ethics

Safuu [7] Eastern Africa dignity; justice; reciprocity
Sankofa [20] Western Africa (Ghana) fidelity; reconciliation; time
Schwartz Basic Values Framework
[154–156]

Global achievement; safety; status; tradition

Suma qamaña (Aymara) [137] Peru and Chile collaboration; nature; reciprocity; tradition
Sumak kawsay (Quechua) [137] Ecuador and Peru communal; community; identity
TKI Conduct of Indigenous Health
Research [168]

Australia collaboration

Ubuntu [16, 114, 161, 191] Africa care; communal; community; harmony; solidarity
Ujamaa [60] Eastern Africa communal; community; family; relationship
Ukaama [60] Southern Africa (Zimbabwe) family; nature; spirit

Greenwich Mean Time (GMT) and calculated through time-zones;
time covering ‘predictable events’ such as religious holidays and
‘unpredictable events’ such as through delays, storms, epidemics
or earthquakes; the notion of time as ‘life-cycle’ such as through
phases in a project, time as ‘duration’, and even time experienced
as ‘pressure’ through deadlines.

The cultural aspects of time have been categorized throughWest-
ern notions of ‘monochronic’ time expressed through clock time,
time as a means for measuring economic productivity, and ‘poly-
chronic’ time, where time is considered intangible, and activities are
timed by events rather than a clock. Time is viewed as a backdrop
against which events unfold. Cultures who view time as cyclical,

continuous (holistic), and epochal tend to match with perspectives
about time held in the Global South.

As one, albeit more complex example, the notions of Va and Te
Wa are held across the Pacific, in Samoan, Tongan and Māori world
views. Here the concept of Va incorporates not only time but space,
and relationships with humanity and the natural world spanning
those dimensions:

[...] it symbolises woven connections of space and
time that hold things together. [...] Va is the space be-
tween, the betweenness, not empty space, not space
that separates but space that relates, that holds sep-
arate entities and things together in the Unity-that-
is-All, the space that is context, giving meaning to
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things. The meanings change as the relationships/the
contexts change. . .A well-known Samoan expression
is “Ia teu le va”: “Cherish/nurse/care for the va, the re-
lationships”. This is crucial in communal cultures that
value group, unity, more than individualism: who per-
ceive the individual person/creature/thing in terms
of group, in terms of va, relationships...The notion of
space “connecting”, rather than “separating”, is central
for those seeking to understand how Pacific peoples
view the world.

[167].
So, while the supports and terms for ethical concerns relevant for

the Global Souths have been identified and mapped in the selected
papers, the differences in local languages, concepts and interpreta-
tions of those terms means an imperfect mapping can be achieved
at best. But more positively, this reinforces the need for any ethical
framework for the Global Souths to support agency of the diverse
user groups. It must be able to be interpreted in their situation and
operate effectively in the local context, rather than being globally
imposed.

3.4 Step 2 Paper Set Selection
To establish a set of papers from which we would search for use
of the support terms, we used the following process: 1) develop a
search string, 2) select databases to search, 3) filter based on page
count and publication type, 4) apply an inclusion criterion based
on Global South authorship or context. Following the process in
a precursor working group [113] we established a search string
that would ensure a broad range of papers, focused on the domain
of computing education and the topic of Generative AI using the
following keywords for each:

• “computing education” OR “computer science education”
• “Generative AI” OR “large language model” OR “llm” OR
“chatgpt”

3.4.1 Databases. In line with recent literature reviews in comput-
ing education research [143, 144, 193] we searched three databases:
ACM Digital Library, IEEE Xplore, and Scopus. This ensured a
broad coverage of papers in computing education. The search re-
turned a total of 2543 papers from all three databases. The searches
were conducted on 19th September 2025. The results are shown in
Table 2.

3.4.2 Paper Filtering Process. In the filtering process papers were
excluded according to the following exclusion criteria:

(1) less than 4 pages in length, 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 duplicate between databases.

Papers were included according to the inclusion criteria:
(1) there is a connection to Generative AI, AND
(2) the context of the work is in computing education.

Applying the inclusion criteria involved a read of each paper. After
this filtering, 276 papers remained (see Table 2). The filtering process
was done by two group members, with one group member doing

Table 2: Paper counts at each stage of building the dataset

Venue Initial Filtering GS Dominant
search authorship GS authorship

ACM 1817 112 81 62
IEEE 402 109 56 49
Scopus 324 55 19 14
Overall 2543 276 156 125

the initial filtering and the another group member checking the
filtering

3.4.3 Global South Authorship or context. The next filter was ap-
plied to identify papers where one of the authors was from the
Global South and/or the work reported was set in the Global South.
The Global South countries were determined from the The British In-
ternational Studies Association (see footnote 1). This left 156 papers
in the data set (see Table 2).

The final filter was applied to include only papers that were
predominantly Global South authored.

Papers were included according to the inclusion criteria:
(1) the majority of authors have Global South affiliations, OR
(2) the first author has a Global South affiliation.

This left 125 papers as our final data set, with 62 from the ACM, 49
from the IEEE and 14 from Scopus (see Table 2).

3.4.4 Handling Review Papers. In analyzing the papers, we noted
that some papers constituted literature reviews of various forms,
e.g. [1]. This would inherently inflate the number of terms identi-
fied, were we engaged in conducting a systematic literature review,
so typically would have been excluded as part of our exclusion cri-
teria, given usual practice e.g. [27]. But, as this report aims to elicit
perspectives from the Global South, the perspectives of authors
commissioning such reviews were deemed of equal value, so were
included for analysis in the paper set.

The working group identified a larger narrative associated with
the inherent bias of a systematic literature review (SLR), because
such reviews favourwell-established, so-called ‘high impact’ venues
that are not globally accessible, even with the increased use of Open
Access approaches. Thus, any SLR that follows protocols such as
[27] is likely to overlook community venues that are not considered
to be at the same standard, to avoid alternative interpretations of
existing works through culturally located literature surveys, and fail
to include works that are written in languages other than English.
Solving the problems associated with this are well beyond the scope
of this working group.

3.5 Step 3 Ethical Concept Searching
To support the review, an automated search and annotation process
was developed to identify key ethical and contextual terms across
the corpus. This process had several steps.

Firstly, the set of 125 ethical concept terms identified in sec-
tion 3.3 were enhanced with a set of synonyms extracted from
the Merriam-Webster dictionary [115], to broaden the capture of
relevant text in papers. For example, the initial term ‘consensus’
had the synonyms ‘agreement’, ‘unison’, ‘unanimity’. Two of the
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authorial team worked to identify and confirm the three most com-
monly used synonyms from Merriam-Webster, and these were used
to augment searches in the primary term had no hits.

Then, a Python program was developed to search the full-text
PDFs for predefined ethical and contextual terms. The software
was developed on a Mac OS X 15.7.1 machine under Python 3.9.6,
Pandas 2.1.0, and PyMuPDF 1.26.4. Frequently, the ability to search
inside PDFs is unreliable as producers can go to some lengths to
prevent text extraction. However, the papers downloaded from the
ACM, IEEE, and SCOPUS research databases were all well-formed
and the PyMuPDF package could be used to search for, highlight,
and extract text and entire pages from scanned PDFs 2. While some
PDFs can be hard to read, as they are either using images in place
of text, or have been produced by scanning, none of the PDFs in the
set were of this type, as the software was designed to report any
situations where the text was not readable on file opening and it did
not report any of these errors in the live dataset after confirmation
of function during testing.

The script generated paired outputs: 1. a CSV file listing each
occurrence of a target term (including source file title, page num-
bers) and 2. a corresponding PDF file containing only the extracted
pages with the terms marked through underlining and a yellow
highlight for rapid review. The name of the parent file was printed
onto the top of each page to avoid confusion. Using this process
the 125 papers identified in Section 3.4 were scanned and marked
for each of the terms.

This workflow significantly reduced manual screening time
while preserving contextual visibility. Reviewers then validated
each extracted segment by cross-referencing the highlighted PDFs
and corresponding CSVs, removing instances where terms appeared
only in bibliographies, generic contexts, or unrelated discussions.
Following the review we found that a number of terms did not
appear in any of the papers, resulting in a final set of 110 terms that
had occurred at least once in one of the 125 papers in the paper set.
These terms are listed in Appendix B. We also found that each of
the 125 papers was marked with at least one of the 110 terms.

The resulting verified records provide a curated dataset of 125
papers and passages that directly engage with ethical questions,
values, and practices surrounding Generative AI in higher education
within Global South contexts.

3.6 Step 4 Summary and Discussion
This step happened in two phases. In phase 1, each group member
was allocated a group of terms to analyse. They carefully read the
subset of papers that contained relevant discussions contextualised
around Generative AI and summarised these perspectives. During
this process the group discussed novel or unexpected views, as well
as overloaded terms or terms with multiple meanings.

In phase 2, three working group members reviewed each term
and the analysis. This brought more consistency to the writing of
the summaries and more rigour to the analysis.

Overall, every paper that was read and had a relevant use of
a term was included in our interpretive analysis summary (see
2Some file fragility was noted in saving modified files, as file repair was taking place
without discernible pattern, potentially related to a race condition or timing issue
in either the library or the executed code. While this was addressed through code
refactoring, the final structure affected the overall speed of execution.

Appendix C). Ninety eight terms listed in Table 6 were found to
have relevant discussion. A further 13 terms where no relevant
discussion was found have not been included. These are listed at
the start of Appendix C).

A total of 97 (74%) of the papers in the paper set are cited in the
summary.

4 Results
We focus in this section on highlighting the insights that guided the
methodology for landscape analysis and the descriptive research
framework that was adopted for this trans-cultural project, to facil-
itate other researchers using this method. We discuss the assembly
of relevant terms, identification of those terms in the paper set, and
the methodology for establishing relevance and provide an intro-
ductory descriptive framework for this important area of research.
We also present a summary of our search process results, describing
the identified terms and their refinement. The interpretive analysis,
which is the last and potentially our most significant contribution,
is presented separately, in Appendix C, for two reasons:

(1) The interpretive analysis is presented as a glossary with
alphabetical entries, each supported by relevant text and
citations. It is not designed to be read in a linear manner but
as a reference, highlighting how each ethical concept frames
Generative AI in the Global South.

(2) The interpretive analysis provides information of 110 terms,
and spans 16 pages. Even if were not in glossary format, it is
too long to insert at this point without placing undue burden
on the reader.

The choice of a glossary as a mean of data presentation supports
the wider discussion of the terms by practitioners and researchers
interested in how considerations about a particular term and Gener-
ative AI are framed within the Global South. The size of the glossary
and the in-depth discussions framing most terms means that the
entries cannot be meaningfully summarised due to the number of
terms, the varying levels of engagement with the theme of Gen-
erative AI and ethics in computing education, and the variety of
cultures from which the works have been taken. We provide an
example of an entry from Appendix C at the end of this results
section, along with clarifying text on the nature of the entries in
the Appendix.

Our analysis found 110 search terms located across the 125 papers
in the final paper set. Many terms were found on multiple occasions
in different papers. The list of terms in Appendix B shows the num-
ber of papers that each term appeared in and the total occurrence
of each term. The 10 terms with the greatest occurrence are shown
in Table 4 and the 10 terms appearing in the greatest number of
papers are shown in Table 5.

It is important to note here that Tables 4, 5 and Appendix B show
the occurrences of the terms but the actual numbers of relevant
terms is much lower. After a careful analysis of each term’s specific
treatment within a paper there was a substantial reduction in the
number of relevant term hits within our paper set. This is because
of several aspects, including:

(1) For example, words such as ‘choice’ and ‘community’ were
often found in relevant texts but not used in a way that was
specific to Global South interpretations of these terms.
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Figure 5: Distribution of Countries in the Paper Set

(2) Some terms were strongly associated with one venue in a
non-relevant way. For example, the phrase ‘IEEE society’ is
a valid use of the term ‘society’ but is not relevant to the
Global South context.

(3) Some terms were also found as stems or elements of other
words, for example ‘unity’ found in the word ‘community’.

(4) Some terms were associated with all of the above problems.
Again, the word ‘unity’ could be seen in a non-Global South
localised sense of union, as a reference to the Unity software
package, and as a component of the word ‘community’.

Across the paper set there were authors from 36 different Global
South countries (see Table 3). The greatest representation was from
China and India. Figure 5 presents a visualisation of this distribu-
tion.

4.1 Interpretive Analysis
The qualitative analysis was not, as noted earlier, a straightfor-
ward thematic analysis as there was a high risk that the coding
into themes would occlude important concepts that had only been
identified in a single paper or by a single community. While TF-IDF
(term frequency/inverse document frequency) [5] might capture
key words that could lead to the generation of sufficiently broad

themes, an automated approach was not adopted due to the high
risk of losing the fine, individually culturally-located structure.
Thus, each term that had been identified in the first pass and then
validated as relevant in the second pass was used to identify papers
that contained a discussion of theme that could be elaborated for a
descriptive basis of that theme in a relevant environment.

The results of the qualitative analysis phase are described in
detail in Appendix C, where we describe how each term is con-
sidered by Global South authors and either within or framing a
Generative AI perspective. As an example, we reproduce the entry
on ‘socialisation’ here:

C.81: Socialisation
A scoping review by Boubaker and Fang [35] anal-
ysed the implications of integrating Generative AI in
engineering and computing education from K-12 to
tertiary levels. Areas of focus were the development
of learning outcomes in the cognitive, affective, or
behavioural (e.g., socialisation) domains of learning.

It is important to note that the identified supports can be used in
a wide range of other studies focused on Global South perspectives,
which is why we considered important to highlight the treatment
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Table 3: Global South countries represented by the authors
in the final paper set

Global South country
Argentina
Bahrain
Bangladesh
Botswana
Brazil
Chile
China
Colombia
Costa Rica
Ecuador
Egypt
Ghana
India
Indonesia
Iran
Jordan
Kenya
Korea
Lebanon
Malaysia
Mexico
Namibia
Nigeria
Oman
Pakistan
Palestine
Peru
Philippines
Saudi Arabia
Sri Lanka
Trinidad
Turkey
UAE
Vietnam

Table 4: Top ten terms according to their occurrence in the
final data set

Top 10 Rank Term
1 support
2 engagement
3 choice
4 environment
5 cognitive
6 fairness
7 privacy
8 order
9 individual
10 nature

of each of them individually in the literature. Readers will note
that not all of the terms used were explicitly connected to ethics in

Table 5: Top ten terms according to their paper coverage in
the final data set

Top 10 Rank Term
1 support
2 individual
3 environment
4 engagement
5 personal
6 cognitive
7 order
8 choice
9 collaboration
10 society

Generative AI but these terms were discussed by authors from the
Global South in the context of the Global South, which provides
an association with this overarching context. We have worked
from a principle that, not being from the communities or cultures
producing these works, our external interpretation of how strong
an association is not sufficient grounds for exclusion unless it is
completely clear that the use of a term is explicitly outside of the
area under study. Rather than remove terms that have an arguably
weaker connection, we have included these more loosely connected
discussions to represent the widest possible inclusive set. In using
the results of Appendix C, future authors may be able to determine
more exact contexts and either reinforce the inclusion of this term
or make a better case for its removal.

5 Discussion
The interpretive analysis of the support terms gave broad insights
into the Global South perspective on the use of Generative AI and
related ethical and societal issues. Overall, the influences on ethics
have many sources, from philosophy, religion, cultural experience,
tradition, and precedent, but the regional variations in which of
these have the most weight are significant. Any ethical code must
take into account the local contributions to ethical reasoning, espe-
cially where violations of ethical (or moral) codes can lead to severe
repercussions. Among the many issues raised, the following stood
out as matters to both inform the wider community and identify
opportunities for education, training, resource allocation, and co-
operation as a global community to reduce the distance between
the Global North and the Global South.
The Digital Divide is real and large [135, 153, 175, 198] There
is not the same level of access to infrastructure, resources, and
education in the Global South as is found in the North. Even where
any other knowledge orwill to take action is present, this resourcing
shortfall reduces the capability of those in the Global South to
make the required changes at the desired level of scale. In addition,
the vast majority of mature Generative AI systems are built in
the Global North and thus tend to reflect Global North values,
because they are built in a Global North context by Global North
aligned employees. Given that internationalisation, the provision
of alternative languages than English, has to be cost-justified and
is often lacking any other than mainstream languages, there is
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no guaranteed driver for addressing contexts found in the Global
South.
Regulations are key [105, 135, 170, 186, 198] Regulatory drivers in
many areas will drive the degree to which key aspects of ethics, such
as transparency, accountability, and harm metrics, are considered.
While the Global North has, for the most part, mature and wide-
ranging regulatory systems with supportive powers of fine and
punishment, the Global South is not at the same level and, in some
cases, such regulations have no real enforcement, leading to the
difficult situation where everyone is aware what the regulations
and laws should be doing but it is not what is done.
The importance of cultural contexts [44, 72, 186] If a project
is launched from outside a community, and does not acknowledge
and incorporate the values, ethics, and norms of that community, it
is far less likely to succeed, to engage students, and to provide the
solutions that are needed by that community. Similar are the per-
ceptions on learning. Learner autonomy, agency, and expectations
of integrity can vary widely, as some cultures adopt a more didactic
and recitative model, reducing learning autonomy and agency. This
can be at odds with Global North expectations around Socratic in-
teraction and the synthesis of new knowledge. See the interpretive
analysis of related terms in Sections C.23, C.24, and C.25.
The importance of community Community, and participation
between members of a community, is often more highly valued in
the Global South, which has a direct impact on perceived ethical
issues such as academic dishonesty. If sharing is the best way to
achieve a result, then it is potentially wasteful to conduct individual
work when a group solution can or does exist. There is also the
value of work that contributes to the community, making culturally
located authentic tasks of more importance and reducing the abil-
ity to re-use examples and teaching materials from outside of the
community. See the interpretative analysis of the term ‘community’
in Section C.17.
Protecting information Privacy, security, and the way that trust
is constructed and supported have a wide range of different inter-
pretations in the Global South. In some communities, honesty is
more important than security or privacy, and, in others, the privacy
of sacred, secret, or gendered information is so important that it
transcends all other requirements. The epistemology of a commu-
nity is key to the way that their ethical praxis will develop. See the
sections on privacy (Section C.63) and protection (Section C.64) in
the interpretative analysis appendix.

5.1 Term Meaning
The identified supports are commonworldwide; however, it is worth
noting that their meanings are not always consistent. Both language
and culture influence the different connotations associated with
how people across the globe perceive certain terms. For instance,
in our work, we observed that supports like community, choice,
and health, to name a few, sometimes conflict or are more nuanced
in their meaning than initially envisaged. We discuss these in the
subsections below.

5.1.1 Community. In the Global North context, the term "commu-
nity” typically refers to groups, digital communities, or affiliations
where individuals are loosely connected by their shared beliefs,
disciplines, or interests. These groups typically involve voluntary

participation and are not bound by family-like ties or responsibili-
ties. Within the Global South, a broader meaning exists. There is an
implicit understanding that the community carries moral and some-
times economic weight. In this setting, the focus is interdependence,
in addition to belonging. While it may still be regarded as a social
bond, there is an obligation that goes beyond personal interests. In
the Global South, communities can be viewed as extensions of the
family, with a shared sense of purpose and connection.

5.1.2 Choice. In many Western countries, having a choice means
being free to do what you want without undue interference. This
view on choice is based on the idea that each individual is a rational
decision-maker and should have control over their life. In many
traditions of the Global South, choice is not independent of soci-
ety; rather, it is symbiotic. Based on social systems that emphasize
harmony and duty, both African and Asia-Pacific ideas of choice
are not isolated, but a negotiation between the desires of the indi-
vidual and what is best for their community. Decisions are often
guided by what sustains balance within the integral relationships
of the extended family. “Choosing” ends up being a confluence of
moral negotiation rather than an isolated act of will. Freedom is
meaningful only when exercised responsibly within the network
of obligations that unite the community.

Considering these two meanings of ‘choice’, we see a potential
ethical conflict. Choice is usually seen as user control, and the
more control a user has, the more we value such systems. However,
with this broader view of choice, we understand that technolo-
gies promoting personalised choice might unintentionally disrupt
collective norms, like harmony. For example, what is the point of
learning individually with a Generative AI tutor if it benefits the
individual but harms the communal spirit among students? From
this perspective, the ethical AI choice would be to support both the
individual and maintain community goals and social balance. We
did not notice this dichotomy in the literature we reviewed, as all
the references to choice were rooted in Western ideas of autonomy
and independence. However, it is important to think about this
potential conflict as such tools become more common.

5.1.3 Health. Generally, in the context of the Global North, health
typically refers to an individual’s physical well-being; over the
past three decades, it has also come to include mental well-being.
Conversely, many cultures in Africa and Asia do not see health as
separate from the land and communal stability. What the Global
North describes as individual well-being appears in Global South
literature as an integrated condition supported by both personal
cognition and communal ethical infrastructure. Educational health,
as discussed in the literature, examines how it depends on manag-
ing inclusion, transparency, and responsibility with AI tools. Health
in this context highlights disparities in digital access and how the
inclusion of AI tools can further deepen educational health inequal-
ities by increasing the gaps.

5.2 Overloaded Words
We also noted that the meaning of several supports were overloaded.
Understanding overloaded words in the context of Generative AI
in computer education is crucial due to their numerous and diverse
meanings, which become particularly significant when establishing
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foundational pillars for integration that respect specific institutional
or national contexts, especially in the Global South. The interpre-
tation of a pillar like ‘equity’ or ‘autonomy’ can vary dramatically
based on local resources, cultural values, and educational priorities;
what constitutes ‘achievement’ in a well-resourced university may
differ profoundly from its meaning in a context with infrastructural
constraints. Therefore, dissecting this lexical complexity is not a
semantic exercise but a foundational necessity for ensuring that
the integration of AI tools is purposeful, equitable, and effectively
enhances both learning and teaching, enabling the construction
of a robust and context-sensitive framework that avoids imposing
external assumptions and instead builds on locally relevant defini-
tions and goals. We discuss several examples of overloaded words
in the following.

An example is the word ‘affect’ which routinely switches in
meaning between denoting the measurable impact of AI on learning
outcomes and the deeply personal emotional experience of using
these tools. This ambiguity is central, as it forces us to ask: Are
we evaluating AI solely by metrics, or by how it affects students
and teachers? Generally, ‘affect’ relates to having an influence on
or making a difference to. This can be applied to Generative AI
in the context of teaching and learning. However, the word can
also be related to emotions, feelings, or moods. In line with this,
it is also worth noting that students and educators experience a
range of emotions when interacting with Generative AI, including
excitement, frustration, confidence, and curiosity about utilising
the tool.

Similarly, the concept of ‘achievement’ is contested, with stu-
dents’ subjective perceptions of learning efficiency pitted against
objective, quantifiable evidence of improvement, as measured by
metrics such as improved test scores or coding proficiency. This
leads directly to a discussion on ‘action’ which is far more than
merely the technical deployment of Generative AI; it is a moral
imperative that demands consideration of how AI reconfigures ped-
agogical roles and whether our actions promote equity or perpetu-
ate disparities. Even a term like ‘appreciation’ oscillates between a
conventional academic courtesy and a deeper, culturally situated
educational goal of fostering genuine value for heritage and the
environment in some context.

Finally, this lexical richness extending to ‘autonomy’ (of the stu-
dent, the system, or the institution) and ‘attainment’ (as a static
goal versus a continuous process) is not merely semantic. It re-
flects the complex, multi-faceted nature of integrating AI into the
human-centric realm of education, where every technical decision
is intertwined with pedagogical, ethical, and social dimensions.

5.3 Missing Perspectives from Lived
Experiences in the Global South

While Generative AI continues to shape educational practice glob-
ally, much of the ethical discourse remains abstracted from the lived
realities of educators, students, and researchers in the Global South.
The absence of detailed country-level perspectives has created a
homogenised view of the region, where Ghana, Kenya, Bangladesh,
and Pacific Island states are treated as a single ethical space rather
than diverse moral ecosystems with unique institutional and cul-
tural contexts [141]. The result is a literature that discusses global

issues such as fairness, accountability, and access, but rarely en-
gages with how these are experienced differently in classrooms,
universities, and local communities. These omissions reveal how
ethics is still predominantly framed through the lens of the Global
North, where principles are defined universally, and lived expe-
riences are treated as peripheral. Beyond missing representation,
there is also a missing school of thought that situates ethics within
the everyday realities of institution, funding, and culture. Many
Global South universities navigate donor driven governance, ex-
ternally prescribed curricula, and limited policy autonomy, all of
which shape how ethical norms are internalised and taught [150].
Funding constraints influence which technologies can be adopted,
while institutional hierarchies affect how responsibility and deci-
sion making are distributed. At the same time, local cultures provide
rich moral vocabularies grounded in values such as communal care,
reciprocity, and respect that could serve as the foundation for a
distinct Southern approach to AI ethics. However, these have not
been adequately theorised or integrated into global frameworks.
The same silence extends to climate and ecological ethics. The
environmental implications of AI, including energy and water con-
sumption [106], data centre expansion, and e waste accumulation,
disproportionately affect low emission nations in the Global South,
yet sustainability remains marginal in computing education dis-
course [69].

The lived ethics of social responsibility and data sovereignty
are equally under-explored. Educators and learners in the South
often express social responsibility through collective practices of
care, mentorship, and resource sharing, forms of moral agency that
rarely appear in policy documents or academic models. As digi-
tal infrastructures expand, the question of who controls data and
whose interests are served by AI systems becomes central to institu-
tional ethics and national sovereignty [62, 150]. Re-centring these
themes, including specific national contexts, differing experiences,
institutional realities, environmental accountability, social practice,
and data governance, invites a richer, experience based ethics. Such
a framework recognises the Global South not as a site of ethical defi-
ciency but as a source of original thought, where moral imagination
is shaped by lived struggle, cultural continuity, and aspirations for
technological justice. In addition to themes of cultural continuity,
technologies used in teaching must continue to support learning
when formal schooling ends or the location where the technology
was introduced becomes unavailable, allowing students to take
their learning environment with them [91].

5.4 Values in Computing and the Ethics of
Generative AI

Computer science and software engineering papers with a focus on
programming largely present a techno-centric perspective on the
computing disciplines, and largely do not focus on ethical dimen-
sions. But with the rise of AI and the embedding of technologies
such as Generative AI within typical development platforms, the
unifying of programming practices and the reliance on data and
algorithms at scale demands an increased focus on the ethics of
programming [59]. Indeed, commentators such as Ozkaya, the Edi-
tor in Chief of the journal IEEE Software, have asserted that “ethics
is a software design concern” [134], and Vardi, the former Editor
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Figure 6: Level of Attention Given to 58 values in the Schwartz value structure according to Perera et al. [138]

in Chief of Communications of the ACM, has asserted even more
strongly: “By and large, Big Tech workers do not seem to be asking
themselves hard questions, I believe, hence my conclusion that we
do indeed suffer from an ethics crisis” [173]. These authors con-
clude that we need to address the actions within our disciplines
and profession from a more conscious ethical perspective and un-
derstand, and perhaps regulate, whose data, what assumptions, for
whom and what purpose, who benefits and what decision making
capabilities can be assumed or embedded.

A study by Perera et al. [138] focused on the prevalence of human
values in software engineering publications, based on the Schwartz
set of values [154, 155], discussed in Section 2.7 and Figure 1. The
authors found that for the majority of the values, very few or no
directly relevant publications were found. For instance, 60% of
the Schwartz set of values were not reported in the set of papers
analysed. Moreover, the study found that 82% of publications (1105
out of 1350 papers) were not directly relevant to Schwartz values
[138]. This value-free perspective is in contrast with our discipline
context, which is heavily-value laden. In addition, and critical to
this study, we observe in Figure 6 that not only are references to
values relatively rare but also, most importantly, the values that
are not present also reflect those more reflective of a Global South
perspective.

These aspects further the Digital Divide described above and
highlights the critical role of computing educators in the Global

Southsm who face an ethical and power imbalance which must
be surmounted to participate in adopting this technology in our
teaching and learning on any equitable basis [152].

5.5 Resolving Global and Local Tensions:
Co-existence Strategies with Generative AIs?

A critical issue for many communities in the Global South remains
the retention of data and algorithm sovereignty. To frame this issue,
from a Māori perspective (Section 2.5, Te Taka Keegan has been
quoted as saying:

He thought if it could be isolated, trained by Māori,
and controlled at an iwi [tribe] level, Māori could re-
tain sovereignty and use it as a helpful tool...We need
to make sure it is cut off from the mothership, that
it wasn’t feeding everything back to the mothership,
because everyone loses if that’s the case [102].

This quote highlights the tensions in the Global South between
colonising global forces and local data governance. To address this,
the balance in Generative AIs, especially LLMs, between Founda-
tion Models and Retrieval Augmented Generation (RAG) models
may provide a way forward. To build on this, Munn sets five tests
for evaluating AI, addressing concerns over what is “prohibited”
in the context of a specific community; risks to the lifeworld of
participants - such as ecological risks of AI “stressing the dense
connections between care for the earth, care for community, and
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care for family”[119] ; the principle of ‘reciprocity’; the test of
‘precedent’ such as maintaining control over traditional knowledge,
expressed as “Our Data, Our Sovereignty, Our Future”[119] ; and a
further set of principles including “whether something is ethically,
culturally, spiritually, and medically right” [119].

In an example addressing the notion of ‘values debt’ by Hus-
sain [88], generic foundation model algorithms and data were aug-
mented with local data and algorithms to give more focus to their
needs. Similarly in the study of the contribution of a Spanish-based
RAG assistant [104], and in the study of a RAG-based chatbot that
accesses Stack Overflow information [174] we see computing edu-
cation examples of such collaborations.

As such, collaborative technology models may meet the chal-
lenge for constructive coexistence posed by Te Taka Keegan, who
stresses the importance of ensuring such systems remain indepen-
dent from centralised control and do not continuously transmit
data back to external sources, as this would be detrimental for all
involved. It may prove viable to adopt collaborative strategies such
as these, based on orchestrating combinations of decentralized RAG
architectural models as outlined by Hecking et al. [78] and Lu and
colleagues [111]. Approaches where data is queried from the global
model, where inputs are not shared externally, and those global
outputs are then augmented by a firewalled local data set and set
of secure local outputs, may meet these needs, noting the question
of consideration and how are those needs satisfied by collaborating
parties [75]:

At present we have a serious problem with the
business model of these data hoarders [Google,
Baidu, Tiktok]. While we pay our physicians
and lawyers for their services, we usually don’t
payGoogle and TikTok. Theymake theirmoney
by exploiting our personal information. That’s a
problematic business model, one that we would
hardly tolerate in other contexts Why should
we agree to get free email services, social con-
nections and entertainment from the tech gi-
ants in exchange for giving them control of our
most sensitive data?

When viewed from a Global South perspective, these larger
questions must be addressed if more equitable outcomes from part-
nership with large global corporations are ever to be based on more
human values.

5.6 Limitations and Considerations
When reading this work, the following considerations and limita-
tions should be taken into account. The scope of analysis for this
work is broad, spanning multiple countries, cultures, regions, and
languages. The working group report authors recognise that the
papers considered for inclusion and analysis do not represent the
entire corpus for several key reasons.

In this report, we were guided by institutional affiliation as a
manageable mechanism for allocating the paper as potentially rep-
resenting a voice from the Global South. But in making this deter-
mination, we necessarily omitted the considerations of the inherent
intersectionality [48] of many authors from the Global South, who

have relocated to institutions in the Global North and though dislo-
cated, may still retain their own world views originating from the
South.

Searching was undertaken for English language papers only. This
excludes a number of languages that dominate in the Global South,
including Chinese, French, Portuguese, and Spanish. Additionally,
there is a risk that the selected papers lack the authenticity of
papers written in the languages local people traditionally use, thus
restricting the range of voices, and risking the introduction of a
Global North perspective through translation training.

Academic publication cultures can vary, where some areas favour
a focus on the quality of venue, while others favour the number
of publications. This can have a direct impact on the perceived
quality of work or the required degree of detail or depth in a given
publication. In addition, in some countries and academic cultures,
career advancement and promotion can depend upon the number
and quality of publications and this can have a significant impact
on how many publications emerge from a given region.

Several significant publishers have continued to operate closed
access models, where access to previous publications and confer-
ence proceedings require a paid licence or subscription. In some
cases, where there is an OpenAccess model, authors are required to
pay to cover the Open Access fees. In both cases, many academics
in the Global South have restricted resources, which may limit their
publication to low-cost or more available venues, which can be
harder to locate, may be in local language, and may not be available
online. The existence of predatory journals, with lower bars to entry
from a quality perspective, and a model akin to vanity publishing
can lead to published work being unlikely to reach the mainstream
corpus. These journals can prey on smaller, more isolated commu-
nities. These tensions made determining what to include complex;
trying to balance the requirements of the environment with identi-
fying best practice. Measures such as whether a venue is Scopus
Indexed can be a proxy for venue quality, however these research
and publication quality metrics can differ on a per-country basis
for publication standards including iCore ranks, SciMago journal
ranks, and the level of accompanying funding. We did not impose
explicit quality assessment criteria, as this would have immediately
restricted the search to a much smaller set of venues, many of which
do not frequently include Global South authors. Hence any paper
that met the inclusion criteria was used to extract relevant infor-
mation. This does, however, introduce the risk that some papers
may introduce concepts or unsupported concept interpretations
that could reduce corpus credibility due to different levels of peer
review.

6 Conclusion
In this paper we address a critical gap in existing literature by bring-
ing to the foreground ethical perspectives and considerations of
Generative AI in computing education in the Global South. Our
study has identified 110 ethical concepts from a variety of Global
South ethical frameworks and has presented a deep analysis of how
each of these concepts are considered in the literature in relation
to Generative AI. This work surfaces values frameworks and sys-
tems and local priorities and concerns that are not often found in
Western, prevailing narratives. We highlight how responsibility,
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a community-centered focus, and data sovereignty shape ethical
reasoning about Generative AI in computing education.

Our analysis has also highlighted significant challenges that have
yet to be addressed. Firstly, the Digital Divide across infrastructure,
resources, and language representation means that Global South
values and concerns might not necessarily be easily addressed. Sec-
ondly, the lack of regulatory infrastructure might lead to critical
aspects of ethics such as transparency, accountability and harm
metrics to not be enforced, even if a regulatory framework exists.
Lastly, community and cultural contexts are critical when consid-
ering teaching with Generative AI in computing education and
beyond.

This work provides educators, researchers, and policymakers
with a systematically grounded ethical lens for engaging with Gen-
erative AI in computing education that extends beyond dominant
Western frameworks. Beyond the focus on Generative AI within our
interpretative analysis presented in an extensive glossary of ethical
concepts and their relationship with Generative AI, the ethical sup-
ports identified are useful in providing a non-Western focus and
contextualisation of ethical concerns within computing education,
framing conversations on how we teach, learn, build and deploy
software and computer systems with a more diverse and inclusive
perspective.
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Te Ara Tika: Guidelines for Māori research ethics: A framework for researchers
and ethics committee members. Health Research Council of New Zealand 9 (2010),
1–29.

[88] W. Hussain. 2025. Mitigating Values Debt in Generative AI: Responsible Engi-
neering with Graph RAG. In 2025 IEEE/ACM International Workshop on Respon-
sible AI Engineering (RAIE). 9–12. doi:10.1109/RAIE66699.2025.00006

[89] Hassan Iddy. 2021. Indigenous standpoint theory: ethical principles and practices
for studying Sukuma people in Tanzania. The Australian Journal of Indigenous
Education 50, 2 (2021), 385–392.

[90] Pooriya Jamie, Reyhaneh Hajihashemi, and Sharareh Alipour. 2025. Utilizing
ChatGPT in a Data Structures and Algorithms Course: A Teaching Assistant’s
Perspective. In Proceedings of the Extended Abstracts of the CHI Conference on
Human Factors in Computing Systems. 1–7.

[91] Kaiyue Jia and Junnan Yu. 2025. Technologies for Children’s AI Learning: Design
Features and Future Opportunities. In Proceedings of the 2025 CHI Conference
on Human Factors in Computing Systems (CHI ’25). Association for Computing
Machinery, New York, NY, USA, Article 1196, 22 pages. doi:10.1145/3706598.
3713443

[92] Hyoungwook Jin, Yoonsu Kim, Yeon Su Park, Bekzat Tilekbay, Jinho Son, and
Juho Kim. 2024. Using large language models to diagnose math problem-solving
skills at scale. In Proceedings of the eleventh ACM conference on learning@ scale.
471–475.

[93] Anna Jobin, Marcello Ienca, and Effy Vayena. 2019. The global landscape of AI
ethics guidelines. Nature machine intelligence 1, 9 (2019), 389–399. doi:10.1038/
s42256-019-0088-2

[94] Ishika Joshi, Ritvik Budhiraja, Harshal Dev, Jahnvi Kadia, Mohammad Osama
Ataullah, Sayan Mitra, Harshal D Akolekar, and Dhruv Kumar. 2024. ChatGPT
in the classroom: An analysis of its strengths and weaknesses for solving under-
graduate computer science questions. In Proceedings of the 55th ACM Technical
Symposium on Computer Science Education V. 1. 625–631.

[95] Guo Jun, Guo Yan Ting, and Zheng Yan Song. 2024. A question-and-answer
system based on artificial intelligence. In Proceedings of the 2024 the 12th Inter-
national Conference on Information Technology (ICIT). 299–305.

[96] Asha Gowda Karegowda, Shreetha Bhat, Vineeth S Naidu, et al. 2025. Enriching
Learning Experience Using Gemma-the Intelligent Chat Companion. In 2025 3rd
International Conference on Smart Systems for applications in Electrical Sciences
(ICSSES). IEEE, 1–6.

[97] Oscar Karnalim, Hapnes Toba, Meliana Christianti Johan, Erico Darmawan
Handoyo, Yehezkiel David Setiawan, and Josephine Alvina Luwia. 2023. Pla-
giarism and AI Assistance Misuse in Web Programming: Unfair Benefits and
Characteristics. In 2023 IEEE International Conference on Teaching, Assessment
and Learning for Engineering (TALE). 1–5. doi:10.1109/TALE56641.2023.10398397

[98] Enkelejda Kasneci, Kathrin Seßler, Stefan Küchemann, Maria Bannert, Daryna
Dementieva, Frank Fischer, Urs Gasser, Georg Groh, Stephan Günnemann, Eyke
Hüllermeier, et al. 2023. ChatGPT for good? On opportunities and challenges of
large language models for education. Learning and individual differences 103
(2023), 102274.

[99] Marzooqa Naeema Kather, R Srimathi, et al. 2025. GDT: Generate, Debug,
and Translate Code. In 2025 International Conference on Innovative Trends in
Information Technology (ICITIIT). IEEE, 1–6.

[100] Majeed Kazemitabaar, Justin Chow, Carl Ka To Ma, Barbara J Ericson, David
Weintrop, and Tovi Grossman. 2023. Studying the effect of AI code generators
on supporting novice learners in introductory programming. In Proceedings of
the 2023 CHI conference on human factors in computing systems. 1–23.

[101] Damien Keown. 2020. Buddhist ethics: A very short introduction. Oxford Univer-
sity Press.

[102] Libby Kirkby-McLeod. 2023. How will ChatGPT impact te reo
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A Initial terms identified in ethical support scan
accountability
achievement
actions to birth a virtous society
ancestral practices
autonomy
beneficence
benevolence-caring
benevolence-dependability
brotherhood
care or hospitality
character
collaboration
collaborative approach
collective coexistence
collective family
collective well-being
common labour
communal flourishing; humanness
communal harmony and social cohesion
communal labour
communal living
communal self-reliance
community
complementarity
conceptualization of time
confidentiality
conformity-interpersonal
conformity-rules
connection to the natural world
consensus
contextual morality
continuous engagement and relationship building
cooperation
cultural continuity
culture
deep listening
diginity and personhood
dignity
doing what is right
ecological harmony
environmental wellbeing
equality
equity
expanded community
extended family socialization
face
face-to-face interaction
fairness & justice
family
family or kinship
familyhood
feelings
fidelity
freedom
freedom with destiny
generosity

harmony
harmony of thought
hedonism
holism
holism/holistic systems
holistic harmony
holitistic morality
hospitality
humility
impact and value
indigenous leadership
indigenous self-determination
inherent individual worth
integenerational responsiblity and sustainability
integrity
integrity and veracity
intelligilbility
interconnectedness
interculturality
intergenerational justice
interpersonal connections
justice
justice and social order
kinship
loyalty
maintaining boundaries
mental
mutual assistance
non-maleficence
normalising
order
other aspects bearing on health
personhood
physical
plurinationality
power-dominance
power-resources
precedent
preserving life
principle of reciprocity
principles
privacy
professional ethics
prohibited or sacred
reciprocal relationship with god
reciprocity
reciprocity and duty
reciprocity with all beings
reconciliation
relatedness
relational relationships
relationality
respect
respect for pachamama (mother earth)
responsibility
responsibility and accountability
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security-personal
security-societal
self-direction-action
self-direction-thought
self-reliances & dignity
shared prosperity
social harmony
social responsibility
solidarity
spirit and integrity
spiritual
spirituality
standing or dignity
stimulation
survival and protection
sustainability

sustainability and accountability
territorial harmony
the environment
the family
theory of space and time
time; context and the environment
totemic and spiritual connections
tradition
transparency
trust
universalism-concern
universalism-nature
universalism-tolerance
veracity
wholistic approach to wellbeing
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B Interpretive Analysis Terms and Occurrences

Table 6: Interpretive analysis terms with the number of papers in which they were found and total number of occurrences

Term #Papers Occurrence
Accomplishment 6 7
Accountability 13 41
Achievement 29 44
Action 25 59
Affect 38 74
Ancestral 1 1
Answerability 3 6
Appreciation 10 12
Attainment 5 10
Autonomy 22 71
Benevolence 1 1
Care 17 29
Character 22 100
Choice 57 295
Cognitive 68 265
Cohesion 4 10
Collaboration 56 205
Commitment 14 23
Community 50 128
Completeness 12 30
Compliance 13 26
Conceptual Alignment 1 1
Confidentiality 12 25
Consensus 19 34
Cooperation 18 61
Cross-Cultural 5 6
Cultural 31 148
Culture 14 28
Dedication 3 8
Dignity 1 1
Duty 4 6
Ecological 6 8
Emotions 14 19
Empathetic 1 3
Engagement 76 396
Environment 80 280
Equality 7 46
Equilibrium 3 16
Equity 23 144
Excitement 4 5
Face-To-Face 6 6
Fairness 38 255
Faith 4 6
Family 14 24
Fate 1 1
Feelings 3 3
Fellowship 1 1
Fidelity 4 12
Freedom 12 18
Generosity 2 2
Harm 5 24
Health 26 52
Honesty 4 8
Hospitality 2 2
House 3 4
Humanity 7 9
Individual 82 218
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Term #Papers Occurrence
Integrity 36 144
Interpersonal 7 7
Justice 6 16
Liability 4 4
Liberty 2 2
License 35 42
Listening 4 6
Mental 25 34
Moral 12 36
Nature 78 207
Obligation 1 1
Order 66 227
Partnership 6 7
Personal 70 143
Privacy 42 249
Protection 20 60
Reciprocity 1 1
Reconciliation 2 2
Regard 18 25
Regulation 19 91
Relatedness 4 4
Relationship 31 65
Resilience 11 21
Respect 25 41
Responsibility 23 57
Right 44 111
Rules 35 101
Security 47 180
Self-Determination 4 11
Self-Regulation 9 53
Sentiments 8 10
Social-Capital 1 3
Social-Cohesion 1 1
Social-Responsibility 6 10
Socialization 1 1
Society 52 169
Spirit 8 9
Stimulation 2 2
Success 51 96
Support 111 716
Sustainability 38 72
Teamwork 20 51
Temporal 11 14
Thought 33 87
Tradition 3 8
Transparency 32 101
Trust 31 98
Understandability 3 4
Unity 2 3
Values 52 201
Virtue 1 5
Welcoming 1 1
Well-Being 9 16
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C Ethical Supports of Generative AI in
Computing Education in the Global South

The following is the summary of the analysis of 98 support terms
listed in Table 6. Thirteen terms where no relevant discussion was
found have not been included. These were: care, cohesion, con-
sensus, fellowship, health, hospitality, house, integrating, liability,
listening, reciprocity, self-determination, solidarity, temporal.

C.1 Accomplishment
A study by Chen et al. [42] of students using ChatScratch, an AI-
augmented system, found that personalised learning experiences
could increase both self-efficacy and a sense of accomplishment,
especially when the projects they engage with were personally
meaningful. Grounding material and pedagogy within a local cul-
ture can engage students with the familiar to ensure that these
meaningful interactions can have the greatest benefit [194]. Other
ways to increase a sense of accomplishment with AI is to use puzzles
or games that constructively employ competitiveness [159, 175].

C.2 Accountability
Shoaib et al. [158] present an AI-driven architecture for generating
contextually relevant multiple-choice questions (MCQ). They claim
their architecture ensures fairness, transparency, and accountability
in MCQ generation. Accountability and transparency is achieved
through providing clear documentation of the model’s decision-
making process, disclosing data sources, and establishing mecha-
nisms for feedback and recourse in case of errors or discrepancies.

Others mention the importance of transparency and account-
ability when using Generative AIs in algorithm reproduction [57]
and in grading [126]. Abdelgadir Mohamed et al. [1] stress the im-
portance of human oversight in verifying information provided by
Generative AI, aligning this with ethical principles of accountability
and transparency. Gao et al. [65] propose that using Generative AIS
to improve fairness often necessitates a trade-off with transparency
and accountability.

C.3 Achievement
A study by Samarakoon et al. [151] investigated the effectiveness of
Generative AI in enhancing coding proficiency. Their study framed
achievement as both a measure of cognitive growth and educational
effectiveness as evidenced through improvements in coding profi-
ciency and learning outcomes. Toba et al. [169] generated pre-test
questions using ChatGPT-3.5-Turbo. Using a comparative study
they found that the pre-test questions improved student post-test
achievement significantly.

An analysis of publications on AI in education by Pan et al. [135]
found that the achievement of educational equity in the use of AI
in education was a key research focus.

C.4 Action
AI in education is viewed as a catalyst for transformation, where
‘action’ signifies not only technological deployment but the recon-
figuration of pedagogy.

Industry-focused analyses indicate that sustainable AI adoption
should align with strategic educational roadmaps that integrate

technological progress with human-centered design [149]. In this
way, action in AI-mediated education becomes both a technical and
moral enterprise—anchoring progress in accountability, inclusive-
ness, and the cultivation of shared competence.

C.5 Affect
The term ‘affect’ appears frequently with two distinct meanings: the
first relating to the impact of Generative AI in a teaching and learn-
ing context, and the second relating to the feelings and emotions
engendered when working with Generative AI.

C.5.1 Affect as ‘impact’. Prasad and Sane [142] propose that stu-
dents’ over-reliance on Generative AI tools is likely to affect self-
regulated learning (SLR), hampering their ability to regulate their
programming problem solving. However, they claim that "these
technologies also open up the possibility to design new interven-
tions that promote better SRL strategies".

Student demographics may affect learning. From their study of
Sri Lankan software development students use of the Generative
AI, [151] recommended “tailored interventions to address specific
demographic variables, fostering a more inclusive and effective
learning environment”.

Design decisions in Generative AI tools can affect the quality and
effectiveness of generated responses and learning outcomes. These
decisions include the selection of training or fine-tuning data, which
may introduce bias, and the choice of model, which have differing
capabilities. A study by Tavasoli et al. [166] found variations across
different languages in Generative AI’s ability to solve mathematical
problems. The interpretation of code by Generative AI tools may
also affect student learning as the tools may struggle with fault
localization [110].

Ethically addressing the affect of bias on ‘AI safety’ is challenging.
As Abdelgadir Mohamed et al. [1] have observed “truly confronting
bias requires embracing AI safety as an interdisciplinary, transpar-
ent and participatory process engaging affected populations – not
just a statistical challenge solvable through datasets or algorithms”.
But discussions of participative, interdisciplinary processes engag-
ing affected groups appear limited, and “we need to consider our
moral obligations to different stakeholders in society, including
vulnerable populations who may be disproportionately affected by
these technologies”.

C.5.2 Affect as ‘emotion’. In addition to having affect on learning,
Generative AI technologies elicit emotions in their users. In a paper
reviewing self-regulated learning, Prasad and Sane [142] found that
Code generation using Generative AIs such as Codex elicit positive
sentiments (e.g., joy, wonder) as well as negative sentiments (e.g.,
fear, confusion) in learners. They propose that "Learners must be
taught to see themselves in the driver seat, with the Generative AI
as a copilot”.

In a scoping review on Generative AI use in education, the preva-
lence of student-centered computing education proposals focused
on cognitive learning outcomes at the university level was observed.
In contrast, there was an emphasis on affective learning outcomes
for elementary and middle school students [18]. The review also
found issues such as: students manifested self-esteem and frus-
tration problems because their task efforts were affected by rapid
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Generative AI tool answers; some methodologies focused on af-
fective outcomes because activities were linked with the students’
identities, creativity, and cultural practices; many studies focus on
the affordances and technical features of the Generative AI tools
and do not consider how these tools could be a catalyst for learning,
affective and behavioral skills, or a potential risk for students and
teachers based on the evidence [18].

A study investigating affective constructs using the Intrinsic
Motivation Inventory, found no differences in learning between
the groups that used Generative AI and videos; however, distinct
impacts were observed on motivational and affective aspects. For
the group that used Generative AI there was “a significant increase
in perceived autonomy (choice) from pretest to post test and a
significant reduction in perceived effort and perceived pressure”
[51]. Whether these findings are positive or negative depends, of
course, on whether effort expended corresponds to learning gained.

So the affective dimensions of learning with Generative AI tech-
nologies raise several issues, which have had relatively limited
attention.

C.6 Ancestral
Videla et al. [177] propose a paradigm shift towards embodied
AI grounded in situationality and sensorimotor coupling with a
focus on advancing an inclusive vision of AI in education that
fosters creative, critical, and situated learning. The authors propose
that the use of Generative AI in education should not only focus
on producing outputs but on creating spaces for discussion and
political imagination that encourage diversity and value ancestral
knowledge. The goal is to design technologies that do not repress
cultural differences. Pedagogy that lacks such design concerns risks
devaluing ancestral knowledge and thus undermining the positive
transformative capabilities of education.

C.7 Answerability
Answerability is one of the criteria that Hang et al. [74] use to
evaluate multiple choice questions developed using MCQGen, their
‘large language model’ (LLM) driven generator.

C.8 Appreciation
A study by Indian teachers’ views of the implications of emerging
technologies by Sebastian et al. [157], found that AI was viewed by
teachers as a tool for fostering an appreciation for nature and the
environment, which they identified as a highly desirable outcome
for students.

C.9 Attainment
Abdelgadir Mohamed et al. [1] emphasize the need to continuously
monitor and audit Generative AI systems in order to ensure that
they maintain fairness. They propose that the attainment of justice
requires continuous vigilance and calibration. The implication here
is that the attainment of equity is not just a technical obstacle but
requires the deep inclusion of all human aspects, contextualised to
specific cultures.

C.10 Autonomy
Cubillos et al. [51] identified ‘autonomy’ as a valuable characteristic
of the developing student, tying confidence and choice to a sense of

autonomy and control, with links back to self-determination theory.
Their study found that Generative AI significantly increased stu-
dents’ perceived autonomy. Oran et al. [131] affirm that proper use
of Generative AI tools can help students develop critical skills and
autonomy, although improper use could pose a threat to autonomy.

A study by Sun et al. [163] explored how parents of children
aged 3-6 perceived AI-based tools to support parent-child interac-
tive storytelling. Autonomous learning capability was identified as
important in the cultivation of “well-rounded individuals”.

C.11 Benevolence
Abdelgadir Mohamed et al. [1] propose a virtue ethics approach
to guide developers of AI systems toward transparency and social
good. They explicitly emphasize benevolence as a trait to instil in
AI systems.

C.12 Character
The term character was used in descriptions of characters devel-
oped in AI systems designed to engage and support children. An
analysis of design features of AI tools for children by Jia and Yu
[91] proposed characters that could take on various roles: a tutor
to explain concepts, a non-playing character in a game to explain
fairness and encourage participation, and a non-human character
to strengthen emotional connections.

ChatScratch, an AI-augmented system developed by Chen et al.
[42] for teaching young children programming, provided a Scratch-
Cat character to allow students to create personally meaningful
projects. Although, a limitation was raised during an interview
study when a child related a situation where they had imagined a
unique character that they could not find in the system.

C.13 Choice
From a study of the use of Generative AI in programming education
in a university in Chile, Cubillos et al. [51] found that perceived
choice increased significantly for students using Generative AI,
suggesting that AI fosters self-directed learning and autonomy.

C.14 Cognitive
Shochcho et al. [159] define the pedagogical role of Generative
AIs in supporting “reasoning, problem-solving, and programming
comprehension”. They argue that Generative AIs reduce cognitive
load and promote metacognitive learning by providing immediate
feedback and explanations.

The ChatScratch system Chen et al. [42] developed was designed
to reduce cognitive load and facilitate autonomous programming
learning for 6-12 year old children. However, Videla et al. [177]
cautions that intensive use of Generative AI, such as ChatGPT,
in educational contexts may weaken critical thinking, leading to
“cognitive deskilling and dependency”.

The study by Samarakoon et al. [151] discusses cognitive en-
gagement through AI-based problem-solving and comprehension
improvement, highlighting AI’s capacity to enhance retention, un-
derstanding, and adaptability of coding concepts. Toba et al. [169]
found that Generative AI enhanced lower Bloom’s level learning
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experiences and they concluded that it has the capacity for the
development of higher-order cognitive tasks.

Videla et al. [177] argue that “that human pedagogy is rooted
in shared, embodied experience”, which is at odds with contem-
porary AI. They propose the concept of embodied cognition as a
“framework for rethinking both computational development and
educational design with AI”. Bispo Jr et al. [34] cite metacognitive
and lifelong learning competencies as necessary for equitable Gen-
erative AI use: “Generative AI can help students and teachers to
build a road of metacognitive strategies”. The implication is that
using AI fairly can support students’ cognitive development.

C.15 Collaboration
Videla et al. [177] promote distributed creativity and co-agency be-
tween humans and AI systems, viewing learning as a collaborative
process between bodies, technologies, and environments. A study
by Oyelere and Aruleba [133] that explored student perceptions
of Generative AI across Kenya, Nigeria, and South Africa, found
that AI tools such as ChatGPT and GitHub Copilot were seen to
“encourage collaboration and learning among students from dif-
ferent cultural background”, fostering a sense of belonging and
mutual support. The results of this study suggest that AI-driven
platforms can act as collaborative partners in learning, but are not
replacements for peer collaboration.

Abdelgadir Mohamed et al. [1] highlight collaborative and mul-
tidisciplinary approaches as essential for addressing AI ethics. ‘AI
ethics hubs’ are proposed as collaborative environments uniting
technologists, policymakers, and communities. The study by Sebas-
tian et al. [157] is grounded in participatory design, a collaborative
research approach. The paper calls for “collaborative networks
across borders” and “partnerships among educators, policymakers,
and researchers” to shape ethical technology use.

Collaboration in computing education can even take place at the
policy and regulatory levels in the Global South, where curricular
development is often multi-national to address resource and com-
munity requirements [139]. Given the often strongly collaborative
nature of many communities in the Global South, it is unsurprising
that there is often an emphasis on collaborative projects in educa-
tional courses, for engagement and cultural localisation [153].

However, collaboration needs to be supported with sufficient
resources and time, which can be challenging in the often-resource-
reduced spaces of the Global South [186]. Additionally, the ethics
created in collaborative spaces are often both iterative and genera-
tive, as shared commitments are negotiated. The final note, from
Verma et al. [175], is that all collaborations involving the Global
South should prioritise the empowerment of the local communities,
which will then lead to better decision making that incorporates
and respects local knowledge – their “unique realities” in the words
of the authors.

C.16 Commitment
A study by Aljedaani et al. [11] used Generative AI capabilities to
enhance students’ awareness, knowledge, and skills in addressing
accessibility issues, fostering a lasting commitment to accessibility.
Another study by Gao et al. [65] investigated the fairness of Gen-
erative AIs when used in education. The authors concluded that

a multidimensional strategy for AI use in education is needed to
ensure a balance between technology advancements and a commit-
ment to inclusivity and fairness.

C.17 Community
Community was used frequently across the paper set in reference
to different groups involved with Generative AI: academic [42],
computer science [39], computer science education [24], minority
[34], networking [188], programming [1], social [42], student [133].

In their study of ethics and computing in Global South regions,
Wong-Villacres et al. [186] report on a community engagement
project used to promote science engagement in disadvantaged com-
munities, reinforcing the value of the familiar in not just the sense
of community but familiarity of language. Introducing students
to the community values and experiences of other communities
can raise awareness of a wider range of problems that could be
addressed by computer science. But involving community goes
beyond understanding what their requirements could be, where an
informed and enabled community can identify and advocate for
their specific needs, as well as deepening their own understand-
ing of their relationship with technology. The authors conclude,
"Enabling a community to lead a project according to their needs
includes ongoing training to deepen a community’s understanding
of technical possibilities and their control and ownership, within
their own values and culture".

A study, Bispo Jr et al. [34] discuss the “digital divide” and dis-
parities in digital access and algorithmic transparency that risk
perpetuating structural inequalities. They present some mitigation
actions for reducing the digital divide. One suggested action is to
foster active involvement of minority communities in the creation
of technologies. Another study by Oyelere and Aruleba [133] ex-
amined the impact of AI tools on fostering inclusive education in
Kenya, Nigeria, and South Africa and found mixed opinions about
whether AI tools foster a sense of belonging and community.

Several studies mentioned communities within an education
context. A survey by Budhiraja et al. [39] sought to understand
how undergraduate computer science students use ChatGPT. They
found that only 0.2% of the students reported that they were un-
aware of ChatGPT, evidencing its widespread recognition within
the undergraduate computer science community. Jia and Yu [91]
analysed the design features of 64 different AI learning tools for
children. The found that “some tools create community-based learn-
ing networks, which enable students to access AI learning resources
by sharing, using, and building upon each other’s work”.

Torrato et al. [170] argue that the misuse of ChatGPT in scien-
tific research has sparked significant concern and opposition within
the academic community, leading to widespread discussion across
educational institutions globally. Similarly, Prasad and Sane [142]
observe that investigations into the use of large language models
(LLMs) have emerged organically, shaped by community percep-
tions of both their potential and the risks they pose in computer
science education.

From a security perspective, Abdelgadir Mohamed et al. [1] em-
phasise that the implications of automated code generation must be
carefully managed. They suggest that establishing clear standards
and implementing robust safeguards can help ensure that tools such
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as Copilot positively contribute to the programming community
while mitigating associated risks.

At a broader level, Li et al. [105] highlight that international
policy efforts stress the importance of fostering global collaboration
in the AI era, encouraging countries to work together to address
the challenges of integrating AI into education.

As noted earlier in the studies of Māori culture, data sovereignty
cannot be applied hegemonically but must take into account the
individual community values, rather than assuming some level of
aggregation.

C.18 Completeness
Completeness is a common evaluation measure in AI performance
studies. Freire et al. [64] and Oran et al. [131] use completeness
as a criterion to measure ChatGPT output; Alaswad et al. [9] use
completeness to analyse ChatGPT’s self-judgment; Shochcho et al.
[159] use completeness to assess tutor bot effectiveness via user
responses; and Du et al. [57] and León-Paredes et al. [104] evalu-
ate virtual assistant prompts with completeness as a key criterion.
However, Generative AI often fall short in completeness. Pirzado
et al. [140] highlight Generative AIs limitations, and Abdelgadir Mo-
hamed et al. [1] emphasize the need to improve Generative AIs’
completeness.

C.19 Compliance
Compliance with rules as part of meeting industry expectations
is considered part of student learning, and forms of compliance
may also assist in quality validation. A bibliometric analysis of LLM
research in programming education by Amos et al. [15] discussed
the use of ChatGPT in education. A concern raised was that code
produced by ChatGPT was frequently non-compliant with stan-
dards, citing the ChatGPT’s disclaimer that "while AI can assist in
the code development, human validation and oversight are still es-
sential to ensure code quality, security, and compliance with project
requirements". Another concern was the risks of relying on Chat-
GPT as a primary resource for teaching secure coding, particularly
if students will be working in industries with stringent security
and compliance requirements.

More negatively, compliance can be seen as engaging in a rules-
based exercise which may result in outcomes counter to the inten-
tions of the initiators of the rules or frameworks, as observed by
Wong-Villacres et al. [186]. The authors note that a ‘thin’ notion of
ethics as a list of discrete criteria can reduce corporate professional
ethics to a rote compliance exercise, and warn against modelling
this approach in ethics courses as it can lead to shallow engagement
with ethical questions, and does not prepare students to engage
with ethics in a professional setting.

C.20 Conceptual Alignment
León-Paredes et al. [104] present NOVA, an educational AI-driven
virtual assistant for a parallel computing course. Built on a Retrieval-
Augmented Generation architecture, the virtual assistant integrates
curated course material and Generative AIs, which the authors
claim ensures conceptual alignment with curricular objectives.

C.21 Confidentiality
Confidentiality in relation to Generative AI was was mentioned in
the context of education and research studies, ususally in relation
to the protection of participants’ data and privacy. In their study
of the effectiveness of Generative AI in enhancing coding profi-
ciency, Samarakoon et al. [151] used Google Classroom claiming
that platform’s security features ensured a secure environment for
participants to submit their assessments, which fostered a sense of
trust and confidentiality.

Wong-Villacres et al. [186] noted that attempts to replicate surveil-
lance and business models from the Global North could interfere
with culturally located efforts to maintain an appropriate level of
confidentiality. There is existing pressure in many areas to dis-
miss confidentiality for reasons of expediency, government reg-
ulatory and reporting requirements, or the commercialisation of
data. Concerns about commitment to confidentiality are growing
in the Global North as evidenced by some of the requirements of
the European Union’s General Data Protection Regulation.

A study of the integration of AI into education in the Global
South by Verma et al. [175] found that children had contradictory
views regarding the confidentiality of AI. Their study of smart
speakers in India found that while "children did not perceive their
interactions with these devices as private, closed-door conversa-
tions, they nonetheless regarded the speakers as safe". Mwaniki
et al. [122] explored the perceptions of third-year computer sci-
ence students in Kenya towards the use of Generative Artificial
Intelligence tools. They found a low level of students (4.4%) were
concerned about data security and confidentiality when using these
tools.

C.22 Cooperation
Framed as crucial for guiding Generative AI adoption, Torrato et al.
[170] propose there needs to be a cooperative effort from instructors,
students, and AI research and development staff in order to obtain
the best educational outcomes. Abdelgadir Mohamed et al. [1] stress
the importance of concentrating on the moral and legal concerns
raised by AI technology, arguing the need for a cooperative effort
by stakeholders to create effective regulatory frameworks.

C.23 Cross-Cultural
From an analysis of the current state of Generative AIs in educa-
tion, Hong and Huang [83] conclude that Generative AIs expand
learning boundaries and facilitate cross-cultural communication
and multidisciplinary collaboration. A core focus of the study by
Oyelere and Aruleba [133] is to examine the impact of AI tools on
fostering inclusive education in Kenya, Nigeria, and South Africa.
It explicitly treats programming education as a cross-cultural con-
text, examining how attitudes toward AI tools differ by country.
The findings show largely uniform motivation but varied attitudes
toward AI tools depending on local technological conditions.

C.24 Cultural
The term ‘cultural’ is discussed in the context of regional and con-
textual influences on students’ acceptance, use, and access to Gen-
erative AI. Sebastian et al. [157] situate technology adoption within
local cultural frameworks, discussing how educators adapt global
tools to regional norms, traditions, and identities. Verma et al. [175]
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propose that integrating AI technology into the education curricu-
lum in developing regions can be complicated by “technological
disparities and cultural nuances”.

A study by Oyelere and Aruleba [133] found that socio-cultural
factors shape how learners engage with technology across African
universities.

Zlotnikova and Hlomani [198] identify a lack of customization
for local needs and cultural contexts as threats from Generative
AI in African universities. They stress there is a need for “robust
guidelines that balance technological advances with traditional
teaching methods in African universities”. Recognising the varying
situations in AI across different parts of the world Hu et al. [86]
present a strategy for improving teachers’ AI capabilities that con-
siders relevant ethical, social, and cultural factors, to inform the
construction of teachers’ AI competence.

From another perspective Gao et al. [65] discuss racial and cul-
tural biases in Generative AIs that can lead to unfair treatment or
resource allocation.

C.25 Culture
Culture refers to the institutional and learning culture within uni-
versities, encompassing teaching practices, values, and access to
educational technology that influence how students perceive and
use Generative AI. Verma et al. [175] propose that “culture plays a
crucial role in shaping technology adoption in the Global South”.
A study by Oyelere and Aruleba [133] showed the capacity of AI-
driven programming tools to provide for students from different
cultures.

C.26 Dedication
Dedication is a moral and forcing mechanism that makes ethical
considerations fundamental for AI development. Abdelgadir Mo-
hamed et al. [1] see dedication as vital for societal benefit, empha-
sizing that growth requires commitment to ethical, accountable,
and transparent practices to maximize benefits and reduce risks.
They stress that responsible AI development must prioritise ethics
as a central driver.

C.27 Dignity
Abdelgadir Mohamed et al. [1] argue that the development and
deployment of AI-generated text tools should prioritise alignment
with core ethical principles, including respect for human dignity
and autonomy.

C.28 Duty
Abdelgadir Mohamed et al. [1] discuss the societal impacts and
challenges of Generative AI tools, proposing that it is our duty to
protect vulnerable individuals and groups from possible harm that
may arise from AI misuse.

Wang [182] describe a model for an algorithm design and anal-
ysis course that uses AI scaffolding and introduces ethical issues
through case studies. The authors argue that “Algorithm engineers
must rely on technology’s judgment to correct societal dispari-
ties, so a higher standard must be set: not only for excelling in
technology, but also for servicing the values of humanism”.

In addition to social duty, there are religious and philosophical
frameworks that may guide whether a person is expected to judge

which of the many duties they should undertake where this is a
clash between moral guides and secular ethics [186]. This tension
between potentially conflicting duties is seen in a number of socio-
cultural spaces, affecting areas such as the participation of young
women in education or the ability to work with items that would
be considered forbidden (tapu or haram, for example) in a given
cultural setting.

C.29 Ecological
The study by Dhaou et al. [55] links ecology to systems and frames
AI as a transformative force within the educational ecosystem, high-
lighting the integration of humans and AI systems in co-creation,
innovation, and curricular reform. Ariza et al. [18] refer to the learn-
ing ecosystem as an interactive and adaptive network formed by
learners, educators, and AI tools that collectively shape educational
practices and assessment.

In preparing teachers for an AI curriculum, Rajapakse et al. [147]
propose a socio-technical system for teacher training, an approach
they claim aligns with the ecological perspective of learning.

The term ‘Ecological’ is also used metaphorically by Sebastian
et al. [157] to describe the systemic nature of educational innovation,
emphasizing inclusion, access, and interconnectivity in resource-
limited contexts.

C.30 Emotions
Advances in AI technologies enable the development of AI-driven
virtual humans that can simulate emotions. Ren et al. [149] describe
‘virtual digital people’ with ‘empathy ability’ that express, identify,
and feed back emotions built from large emotion databases. In an
education context, Sun [162] proposes the implementation of digi-
tal humans that can “simulate real teaching behaviours, offering
students a more vivid and intuitive learning experience”. Cubillos
et al. [51] suggest AI-generated virtual instructors based on ad-
mired figures can “increase student motivation and foster positive
emotions”.

Emotion is both promising and risky: Prasad and Sane [142] ad-
vise that students using agent-based tools should be aware of their
motivations and emotions in response to Generative AI-generated
artifacts.

C.31 Empathetic
Zhang et al. [196] present SortingHat, a personalised educational
assistant that uses advanced AI technologies. A feature of Sort-
ingHat is a 3D digital human interface that provides personalised,
empathetic, and context-aware guidance.

C.32 Engagement
The impact of Generative AI on student engagement is widely
reported and often associated with enhanced learning outcomes,
self-efficacy and student satisfaction. A number of studies use be-
havioural engagement to evaluate tools or resources. Murali et al.
[120] use engagement in an evaluation of AI-supported virtual
labs, highlighting engagement as a key metric for learning effec-
tiveness. A study by Gomez-Jaramillo et al. [67] that investigated
the effectiveness of ChatGPT in teaching object-oriented using an
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AI-assisted sequential tutoring strategy found enhanced learner en-
gagement and self-efficacy. Aliac et al. [10] measured engagement
time, including time spent interacting with a teaching assistant
chatbot, connecting it to learning depth and user satisfaction. A
study by Chen et al. [42] using ChatScratch, an AI-augmented sys-
tem they developed for teaching young children programming,
found that children had a heightened sense of engagement and
satisfaction when using the system.

Toba et al. [169] generated pre-test questions using ChatGPT-3.5-
Turbo. Using a comparative study they found that the generated pre-
test questions were successful in maintaining student engagement.
However Videla et al. [177] claims that Generative AIs users can
“exhibit lower brain connectivity, reduced intellectual engagement,
and difficulty citing their own ideas”.

A review of the integration of AI in education in the Global South
by Verma et al. [175] highlights the importance of “involving chil-
dren, educators, and parents in AI design to ensure culturally and
educationally relevant solutions ...[to] improve student engagement
and safety in AI-driven learning environments”.

Simaremare et al. [160] explored a student-Generative AI pair
programming approach. While the Generative AI support was ap-
preciated, some students reported missing the dynamic in-person
engagement of traditional student-student pair programming, claim-
ing “it limited depth of discussion, empathy and collaborative prob-
lem solving”.

C.33 Environment
Environment as a term occurred primarily in the context of mea-
suring and improving the learning environment, and focusing on
several aspects that facilitate an excellent learning experience and
are conducive of learning, such as accessibility [151], group interac-
tion. and collaboration [40, 91], conversation [174, 196], humanistic
care [162], safety and security [175], and personalisation [51, 176]
including specific language localisation [104]. There is also an em-
phasis on creating learning environments that are supportive of
tutors rather than becoming ’short-cut’ tools [90].

While broader environmental concerns seem to be addressed
under the concept of sustainability, environmental accountability is
considered across a handful of studies [55, 112, 121, 139, 149, 157].
Maity et al. [112] create LLMs to store and analyse environmental
data, while Sebastian et al. [157] use LLMs to support students
creating enviornmental connections in the classroom, similar to
Pias et al. [139] who consider a critical role for Generative AI in
promoting environmental connections. Generative AI supports the
generation of environmental issues-focused senior student projects
in the work by Mushtaq et al. [121].

C.34 Equality
Bispo et al. [34] discuss equality in the context of the ‘digital divide’
and accessibility, noting that while Generative AIs offer educa-
tional potential, unequal access to technology and infrastructure
exacerbates pre-existing inequalities. They describe equality in the
context of equal access and opportunity and distinguish it from
equity, which achieves fairness through targeted support.

A study by Oyelere and Aruleba [133] examined the impact
of Generative AI tools on fostering inclusive education in Kenya,

Nigeria, and South Africa. They found that higher educational
levels and more programming experience were associated with
more favourable perceptions of the ability of AI tools to provide
equality in learning opportunities and bridge the digital divide.

Guo et al. [65] propose that the pursuit of equality in education
needs to consider three dimensions, namely, equality of opportu-
nities, outcomes, and resources. From an equality of opportunity
perspective, Generative AIs can help disadvantaged students gain
access to similar opportunities of those more privileged. Consider-
ing equality of outcomes, machine learning techniques can be used
to analyse student learning data to identify and address external
influences that may affect academic performance. Lastly, in regard
to equality of resources, the strategic use of Generative AIs ensures
that all students have access to the necessary support they need to
thrive.

C.35 Equilibrium
Equilibrium functions as a recurring framework for navigating
AI’s inherent tensions. It is often characterised as “harmonious”,
or “optimal”, and must be actively maintained rather than assumed
to occur naturally. Abdelgadir Mohamed et al. [1] describe equi-
librium across several critical dimensions: between AI’s transfor-
mative potential and the need for careful governance and ethical
deliberation; between creativity and control in generative systems
such as DALL·E 2; between the powerful capabilities of these mod-
els and their limitations and societal impacts; between the use of
AI and the development of essential academic skills; and between
leveraging synthetic data to advance medical research and ensuring
the authenticity and reliability of resulting insights.

C.36 Equity
Bispo Jr et al. [34] define Generative AI equity issues as gaps in
access, prompt literacy, and social-environmental conditions that
limit educational freedom. Cubillos et al. [51] highlight equity in
access to technology as an emerging concern and emphasize inclu-
sive design to avoid deepening educational divides. In agreement,
Pan et al. [135] argue for increased focus on educational equity to
ensure the benefits are available to a broader demographic. Equity
policies for AI use are discussed in [86] and [105].

Gao et al. [65] proposes that Generative AIs can assist educa-
tors in understanding and addressing the needs of students from
different cultural contexts, achieving more equitable outcomes. A
study by Indian teachers’ views of the implications of emerging
technologies by Sebastian et al. [157] found that teachers advocated
for “inclusive and equitable access to high-quality education” and
recognised language barriers and socio-economic divides as major
equity challenges in India.

Abdelgadir Mohamed et al. [1] view equity as a guiding principle
that should be built into every part of AI development. It means
ensuring data and teams include people from diverse backgrounds,
creating shared and transparent ways to check how algorithms
make decisions and ensuring global and inclusive participation in
how AI systems are governed. The authors view equity as both an
ethical value and a practical requirement. Equity is about designing
AI tools that benefit everyone fairly, instead of increasing existing
inequalities.
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C.37 Excitement
The capacity of Generative AI to spark excitement is mentioned by
Gerede [66], Samarakoon et al. [151], and Zlotnikova and Hlomani
[198]. When excitement is mentioned in relation to Generative
AI, it is often tempered by cautions about inappropriate use and
negative impact on learning, for example, scepticism regarding its
code-generation capabilities [15], being too generous when used
for marking [198] and copyright issues [151]

C.38 Face-To-Face
Amos et al. [15] argue that while AI tools can be highly effective
for learning, their benefits are most evident when they are used to
supplement traditional face-to-face instruction, and are supported
by careful guidance and supervision to promote optimal outcomes.
Hang et al. [74] explain how blended learning combines online
flexibility with the structure of face-to-face instruction, allowing for
personalised learning paths. While face-to-face may be a preferred
mode for many reasons, a study of Sri Lankan teachers’ readiness
to teach AI by Rajapakse et al. [147] found that a requirement for
face-to-face instruction for teacher training can cause resource
bottlenecks in regions where travel is difficult or the area covered
by a teaching team is very large.

A study by Simaremare et al. [160] that explored a student-
Generative AI pair programming approach found that when Gen-
erative AI replaced human partners in pair programming, students
experienced a significant loss—they missed the “dynamic in-person
interaction and engagement of traditional student-student pairing”
and identified the “lack of interpersonal interaction with Genera-
tive AI” as a critical drawback that “limited the depth of discussion,
empathy, and collaborative problem-solving”.

Cubillos et al. [51] emphasize the importance of conducting com-
parative studies between in-person and video-based programming
classes when examining Generative AI integration, as student in-
teraction and motivation may vary across formats, and highlight
the need for longitudinal research to assess long-term impacts.

C.39 Fairness
A study of student perceptions of AI tools in programming educa-
tion in Kenya, Nigeria, and South Africa by Oyelere and Aruleba
[133] found concerns about fairness of assessment, particularly
with perceived lack of impartiality of AI-driven assessments.

To safeguard fair treatment, Alaswad et al. [9] propose com-
plementing AI-driven evaluation with essential human oversight
and establishing systematic, transparent frameworks, such as well-
defined rubrics and clear grading criteria, to validate AI content
and ensure consistency. A study by Nawahdah et al. [126] that
compared human and AI-based grading in a university in Palestine
shows that AI grading systems which are guided by well defined
criteria, are able to match or exceed human grading in fairness and
consistency.

A bibliometric analysis by Vhatkar et al. [176] to identify the sta-
tus and future trends in the research concluded that resolving bias
and ensuring fairness were key priorities for advancing Generative
AI in education.

C.40 Faith
Wong-Villacres et al. [186] highlight a critical assumption in the
ACM guidelines for Professional Conduct [17] , as well as in codes of
conduct in the engineering field, namely that technology is created
by good designers and introduced to society in good faith.While the
meaning of ‘good’might not necessarily be the same across contexts,
the concept of ’introduced in good faith’ shapes technologies and
their use across societies in the world. Abdelgadir Mohamed et al.
[1] contend that disinformation produced by Generative AI tools
and the growing difficulty of identifying Generative AI content has
caused an undermining of faith in online communication.

Another perspective on faith, this time in a religious context, is
presented by Sun et al. [163], who investigated parents’ perception
of howGenerative AI can be effectively used in practical storytelling
and reading scenarios. Their study also explored how parents view
these technologies more broadly. One participant noted that the
value orientation promoted by ChatGPT might not align with the
family’s religious beliefs. As noted by Wong-Villacres et al. [186],
there is ongoing religious concern about the decline in reflection on
faith-basedmorals, whichmay further heighten sensitivity to poten-
tial mismatches between religious beliefs and the values suggested
by Generative AI.

C.41 Family
In the Global South context, the family situation has an impact
on students’ ability to access Generative AI tools, as families and
villages with fewer resources may use shared devices. Verma et al.
[175] found this has a direct impact on how interfaces and lesson
plans are personalised, as a one-person-per-device model cannot
be assumed. A study by Sun et al. [163] showed that family value
orientation is a factor in whether AI may be used, as parents may be
concerned that the perspectives promoted by Generative AI tools
may not align with their own views,

C.42 Fate
The fate of democratic discourse, scientific integrity and cultural
authenticity is mentioned by Abdelgadir Mohamed et al. [1] as de-
pendent on our shared capacity to negotiate the increasing overlap
between Generative AI and human created content.

C.43 Feelings
A study by Torrato et al. [170] investigated the perspectives of
teachers and students about ChatGPT to better appreciate its role in
advancing teaching and learning. They concluded that to encourage
the advancement and use of AI technology to benefit humans it is
important to understand and respect the feelings of students and
educators who will be using this technology.

C.44 Fidelity
Abdelgadir Mohamed et al. [1] examine fidelity in image generation,
using it as a metric to compare OpenAI’s DALL-E 2 and Luna.
They identify ongoing challenges in managing intricate motivations
and cultural sensitivity, advocating for broader evaluation that
includes conceptual correctness and creative quality, since technical
fidelity alone cannot ensure culturally appropriate outputs Gomez-
Jaramillo et al. [67] demonstrate how, with a carefully designed
master prompt, AI can be used as a virtual tutor. Through reducing
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variability in AI responses they achieved instructional reliability
and fidelity similar to an intelligent tutoring system.

C.45 Freedom
Freedom appears as a multifaceted concept across the literature,
operating simultaneously as a pedagogical principle, a technological
concern, and a moral imperative. At the classroom level, freedom
manifests as learner autonomy, both as a measurable dimension of
intrinsic motivation that captures students’ “perceived autonomy
and freedom” in learning environments [51] and as a transformative
vision where students have the “freedom to study whatever they
want, wherever they want” [157]. Students also have the freedom
to choose their desired creative topic, with the Generative AI tool
providing the necessary support to create a required theme [39, 73].
This pedagogical freedom influences educators’ practices, with Ren
et al. [149] advocating for more openness in exploring unstructured
data like lesson notes for AI content. However, this raises concerns
about equity in the Global South. Bispo Jr et al. [34] argue that
freedoms to achieve well-being and be educated are vital but can
be threatened when AI literacy skills are unevenly shared. Outside
the classroom, Abdelgadir Mohamed et al. [1] discuss how digital
rights, privacy, and data protection influence public trust in AI.

C.46 Generosity
In their empirical study comparing human and AI-based grading
approaches Nawahdah et al. [126] found that human and AI graders
differ in their generosity. Human graders demonstrate generosity
by awarding partial credit, whereas strict AI tends to be overly
harsh and tolerant AI can be overly generous. They concluded that
a tolerant AI, when guided by a rubric, most closely aligns with
human grading while maintaining fair and controlled generosity.

C.47 Harm
Abdelgadir Mohamed et al. [1] discuss harm that may arise from
biased AI systems or unequal access to systems. They claim there
is a moral duty “to prevent harm and protect vulnerable individuals
and groups from the negative consequences of AI misuse". Verma
et al. [175] propose that AI systems can subtly erode learners’ con-
fidence in their reasoning and autonomy, replacing curiosity with
convenience. Certain communities have identified that anthropo-
morphic attribution of human-like characters to AI and robots can
lead younger children to assume that such devices/systems are go-
ing to act ethically, ultimately expecting a stance of “do not harm”
from systems that have no concept or mechanism for understanding
harm.

C.48 Honesty
The term honesty appeared both in a cultural context and a technical
context, which separates honesty as a cultural practice or value
from the lens of academic honesty, which is usually associated with
student academic integrity issues and the accurate representation
of research investigation and results.

Focusing on the cultural practice, ethical expectations can vary
widely based on the perceived primacy of honesty. In their study
of ethics and computing in Global South regions, Wong-Villacres
et al. [186] found that some regions placed the highest value on

honesty in professional and general life to the extent that an ethical
code that prioritised personal privacy above honesty would appear
unnecessary, or even unintelligible, in such a region.

In the academic honesty framing, some papers discussed hon-
esty in terms of its inverse, “dishonesty”, along with suitable uses
of techniques for plagiarism detection, for example, “Specifically,
there is the potential for students to misuse ChatGPT to generate
coding solutions for assignments, leading to academic dishonesty,
cheating, and an unhealthy dependency on AI tools” [15], and “It
challenges the notion, too, that plagiarism detection tools alone
might have to address academic dishonesty, advocating enhanced
learning analytics techniques that can be supported by GPT model
integration” [176]. The responsibility for academic honesty how-
ever can be placed in part with the institutions and their policy
vacuums, for instance “there is growing concern about authorship,
plagiarism, and academic dishonesty”. While there is clear connec-
tion between honesty as a cultural practice and the presence of
academic dishonesty in a teaching and research environment, it
is not presented in any of the papers as analysed to show a clear
relationship between the cultural values of the community and the
direct impact on academic practices.

C.49 Humanity
Several papers mentioned benefits to humanity from Generative AI
tools: fostering high-quality educational development [83]; enhanc-
ing productivity and preparing society for a more AI-integrated
future [170]; foster high-quality educational development [83]; aug-
menting human autonomy, nurturing innovation, and advancing
comprehension [1].

However, there are also threats. Hong and Huang [83] and Tor-
rato et al. [170] discuss negative effects on human behaviour, com-
munication, and students’ skills and learning. Abdelgadir Mohamed
et al. [1] propose that it should be our priority to ensure that the AI
revolution enhances rather than reduces our humanity, stressing
the importance of technology and ethics progressing in synchro-
nization for the benefit of society as a whole.

C.50 Individual
Generative AI tools have been shown to support individualised
learning and assessment across a range of educational contexts.
Hong [84] proposes a novel coding education framework that inte-
grates intelligent, computer-aided tools that guide students through
personalised learning journeys and assesses them individually. In
operating systems education, Zhang et al. [196] introduce Sort-
ingHat, an Generative AI-based system that generates customised
exercises based on students’ individual learning histories, perfor-
mance, and feedback, transforming learning into a more engaging,
immersive, and scalable experience. An exploratory study by Oran
et al. [131] on the use of ChatGPT in project management education
found that students viewed the tool as a valuable complement for
structuring academic content; however, there were concerns about
over-reliance and the potential impact on individual creativity.

The integration of Generative AI enables greater customization
of assessment processes, as questions can be tailored to students’
individual skill levels, thereby fostering more personalised learning
experiences [185]. In their study of Generative AI use for advanced
computer programming assignments, Arora et al. [19] found that
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students strongly valued personalization, with a number expressing
a desire for learning experiences that adapt to individual needs,
learning paces, particularly for challenging coding tasks.

Several studies emphasize the implications of Generative AIs for
instructors workload and the benefits for individual students. Wang
et al. [180] claim that ChatGPT can alleviate teachers’ workload
in manual test design while tailoring learning plans to students’
individual requirements, study habits, capabilities, and performance.
Hu et al. [86] show that real-time data feedback from AI-supported
systems enhances instructors’ ability to adjust teaching approaches
for individual students. Jamie et al. [90] highlight the benefits of a
balanced instructional model in which ChatGPT supports routine
tasks, while human teaching assistants focus on critical thinking,
complex instruction, and addressing individual student needs.

C.51 Integrity
The concept of integrity was often expressed as “academic integrity”
when discussing various perspectives on the connections between
generative AI technologies, learning practices, and ethical issues.

Several articles frame integrity as an ethical standard, discussing
the importance of integrity in preserving the credibility of edu-
cational systems against the misuse of Generative AI. Hong and
Huang [83] and ? ] warn of an undermining of academic integrity
through plagiarism and ghostwriting and the potential threat of
reputational damage to universities. Similar concerns are echoed by
Amos et al. [15], who highlight ongoing challenges in detecting AI-
generated code and text, and the associated risk of compromising
academic standards. Karnalim et al. [97] claim that plagiarism detec-
tion technologies are essential for maintaining academic integrity.
Torrato et al. [170] stress the importance of implementing guide-
lines for the use of Generative AI to safeguard academic integrity
and education quality

Many articles discuss integrity in terms of the impact on student
learning. Joshi et al. [94] warn of the hindrance to learning when
students plagiarise responses from ChatGPT. As well as missing
out on the learning experience, their study showed that responses
from ChatGPT could not be relied upon due to a high variability
in responses. Other studies caution that unregulated or excessive
use of Generative AI can reduce student motivation [175] and can
have a negative impact on critical thinking [158].

However, a number of articles promote the view that there can
be benefits to learning through responsible and transparent inte-
gration of AI tools. Studies such as [10, 61, 140, 160] advocate for
actively promoting academic integrity by embedding ethical aware-
ness and guided learning into Generative AI-assisted coursework.
The work by Felipe et al. [61], for example, proposes a framework
for designing take-home assignments that incorporate Generative
AI while upholding integrity principles. Similarly, Bernardino et al.
[30] argue that students should be encouraged to use ChatGPT
responsibly and with integrity, ensuring transparency and ethical
awareness in their learning practices. Mwaniki et al. [122] add a
Global South perspective, noting that students in Kenya recognise
the need for a balanced use of Generative AI to avoid compro-
mising integrity, critical thinking, and creativity. In these studies,
maintaining integrity is strongly connected to enhancing learning
outcomes.

In some articles there was evidence of a gradual reframing of
integrity in relation to Generative AI. Liu et al. [109] propose that
initial fears of Generative AIs as threats to academic integrity have
evolved into more nuanced discussions of their potential to support
learning when used responsibly. This shift reflects a broader recog-
nition that integrity is not inherently in opposition to Generative AI
use, but rather contingent upon how these tools are contextualized
within ethical, curricular, and assessment frameworks. Amos et al.
[15] similarly emphasise the importance of maintaining a balance
between AI assistance and traditional educational practices, sug-
gesting that such equilibrium maximizes the benefits of AI while
minimizing risks to integrity and essential skill development. Amos
et al. [15] propose that ChatGPT should be used cautiously and
always with human oversight.

Taking a broader stance, several articles extend the notion of
integrity beyond the classroom, situating it within societal ethics.
Authors such as Abdelgadir Mohamed et al. [1], Du et al. [57]
and Wong-Villacres et al. [186] broaden the discussion to include
scientific integrity, cultural authenticity, and moral responsibility
in the development and application of AI systems. Integrity in this
sense denotes not merely compliance with academic rules but a
moral disposition encompassing responsibility, authenticity, and
respect for human values within the computing education context.

C.52 Interpersonal
Several papers explore the use of AI to mediate the interpersonal
dynamics of learning, focusing on feedback and collaboration. Ab-
delgadir Mohamed et al. [1] show that Generative AI influences
not only what students learn but also how they relate to peers and
instructors.

Dos Santos and Cury [56] show the use of Generative AI in a
peer-instruction model. The Generative AI tool promoted dialogue
and mutual reflection, encouraging students to confront biases
and clarify reasoning through conversational exchange. Students
who used the Generative AI tool outperformed the traditionally
instructed group, demonstrating better programming skills and a
deeper understanding of fundamental concepts. However, difficul-
ties were encountered for more abstract problems.

Simaremare et al. [160] studied the integration of Generative
AI into pair programming. They found that many students missed
the interpersonal interactions and exchange of ideas of traditional
pair programming, limiting the depth of discussion, empathy, and
collaborative problem-solving. Amos et al. [15] caution that over-
reliance on AI systems may impede the development of essential
interpersonal interactions

Zlotnikova and Hlomani [198] offer a different perspective on the
effect of using Generative AI in African universities, highlighting
that the overuse of technology might lead to a potential neglect
of the importance of interpersonal skills, in the context of the
increased pressure on African students to achieve high grades and
graduate on schedule.

C.53 Justice
Abdelgadir Mohamed et al. [1] explore various ethical considera-
tions in AI technologies through their Virtue Ethics framework.
They view justice and prejudice as intricately connected to trans-
parency, accountability, and benevolence. An example they give is
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where the provision of openness in AI decision-making procedures
is connected to concerns about justice. They caution that principles
of justice may be violated by unfair AI systems. Pan et al. [135]
propose there is future work in addressing ethical challenges to
assure justice and safety in AI applications.

C.54 Liberty
Presenting a set of guidelines for ethical teaching with AI, Hong
[84] proposes that learning with AI-generated content tools bring
concerns about liberty, reliance on automated tasks, and responsible
usage.

C.55 License
Bispo Jr et al. [34] highlight licensing concerns, noting that AI-
generated content may include material “licensed exclusively for
non-commercial use”, making copyright and data ownership key
ethical issues in educational AI use and in ethical AI deployment.

C.56 Mental
Generative AI tools have the potential to observe changes in atten-
tion and motivation and adjust the rhythm of interaction to sustain
student engagement and focus. Karegowda et al. [96] showed that
when AI models trace how learners process knowledge, they can
identify engagement patterns and can help students become self-
aware and recognise the flow of their own thinking. Such learning
environments do not replace human reasoning but extend it, al-
lowing thought to unfold with greater clarity and continuity. The
authors make an important point that the mental models the stu-
dents may be building may be fragile [77].

Mental health and well-being aspects can be integrated into Gen-
erative AI tools. For example, the tools may be designed to respond
to linguistic and affective cues to reduce anxiety, particularly among
learners navigating complex or multilingual contexts [71, 91]. How-
ever, a tool that is sensitive to mental states also invites ethical
caution, as the boundaries between support and surveillance grow
less distinct [1].

C.57 Moral
The importance of aligning the moral aspects of AI-based education
with ethical and societal concerns for the local culture and region
was mentioned by Wong-Villacres et al. [186], especially where
there was a religious emphasis on a particular moral code.

C.58 Nature
A study of software engineering students’ use of AI in Brazil, India
and Saudi Arabia by Aljedaani et al. [11] showed that “the nature
of ChatGPT interactions can help students delve deeper into the
topics they need to grasp”.

C.59 Obligation
While discussing the importance of self-efficacy, Rajapakse et al.
[147] explain that a government policy created the obligation to
teach AI in Sri Lankan public schools, making it a mandatory task
rather than a planned, self-efficacious behaviour for teachers.

C.60 Order
The term ‘order’ was used in relation to lower-order and higher-
order cognitive skills often relating these to Bloom’s taxonomy
[51, 169]. Freire et al. [64] used Bloom’s taxonomy to analyse dif-
ferent questions and abilities according to their cognitive level and
assessed how they can be solved solely by using ChatGPT. Joshi
et al. [94] recommend that instructors design “questions that re-
quire critical thinking and higher-order cognitive skills that cannot
be easily solved by simply providing a prompt to ChatGPT”.

A study by Gerede [66] investigated the effectiveness of prompts
that students construct when working with ChatGPT. They found
that students initially asked more lower-order thinking questions
of ChatGPT, but as they became more familiar with the tool they
moved towards higher-order thinking questions.

Arora et al. [19] propose that AI integration requires a reeval-
uation of assessment methods with a shift in focus from solely
assessing the correctness of code to “evaluating higher-order think-
ing skills, such as problem-solving, creativity, critical analysis, and
the ability to explain design decisions and address limitations”.

C.61 Partnership
Reflecting on approaches to align curriculum with the needs of
industry, Dhaou et al. [55] propose collaborative partnerships be-
tween academia and industry as a strategy to ensure that computing
education remains adaptive and responsive to advances with tech-
nology. They argue that this is especially important with the current
AI revolution.

Bispo Jr et al. [34] claim that the emergence of LLMs and Gener-
ative AI is creating a digital divide within education systems. They
propose the formation of technology communities of practice as a
strategy to forge connections and support. They cite an example
of a partnership between universities and schools in Brazil, which
aims to teach computing through digital games.

With the advent of Generative AI, many programming tasks
and assessments can now be completed by these AI tools either
automatically or in partnership with humans. Through observing
how these tools perform Raman and Kumar [148] propose a set of
changes to introductory programming pedagogy and assessment,
which will incorporate use of these tools.

Hong [84] presents a hybrid model for programming assessment
involving automated grading and manual reviewing, which they
propose is a "partnership between human intelligence and machine
accuracy" and is a robust and comprehensive strategy for a grading
system.

C.62 Personal
There is a general sense of the importance of personalisation across
the literature surveyed, with a large number of statements about
the possibility for personalised learning offered by Generative AIs,
and ChatGPT in particular. The value of creating projects that have
personal meaning is identified by Chen et al. [42] with their AI-
augmented system, ChatScratch, which they used to show the value
of the generative and customisable aspects of their tool. Another
study by Sun et al. [163] explored how parents of children aged
3-6 perceived AI technologies. Parents claimed that personalised
interaction was a basic requirement of AI-based storytelling tech-
nologies, although they acknowledged that each child had different
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characteristics, interests and questions and would a change as they
grew older.

The personal connections that are often culturally significant
may also hamper a community’s understanding of how far their
data can travel - that it can transcend the personal communications
that are familiar and end up in remote places with total strangers
[186].

Personalisation was used as a means of overcoming cultural
and language barriers in Namibia by using the child’s name in
personalised learning materials, allowing them to identify with
the narrative and the use of technology [175]. This use of person-
alisation to overcome resource issues, to recognise and support
diversity, and to improve academic in outcomes was also identified
in [198]. The language translation options offered by Generative
AI systems, reducing the blanket use of English which is rarely the
first language of the Global Souths.

The idea of AI enabled personalised learning at scale, taking into
account local cultural perspectives, is an implicit theme that is not
well-developed in detail. Cubillos et al. [51] claim that “personalised
interventions based on demographic variables may foster inclusive
and effective programming learning environments” but provide no
supporting evidence.

C.63 Privacy
Privacy associated with Generative AI technologies in Africa can
be made more severe due to inconsistent and maturing regulatory
frameworks, comparatively lower levels of cybersecurity technol-
ogy, and lower levels of digital literacy and training [198]. From an
analysis of publications on AI in education, Pan et al. [135] found
that privacy can be achieved in many ways but usually depends
upon both regulatory support and technological advancement. The
notion of the value of supporting diverse approaches to privacy is
at the heart of work byWong-Villacres et al. [186], where structural
factors can complicate discussions around privacy when cultural
and existing approaches are in conflict or are not considered. Again,
in the absence of regulation, privacy can be overlooked, leading to
serious consequences in the short and long term.

C.64 Protection
Across the reviewed articles the concept of protection is a key
ethical and practical consideration in discussions surrounding Gen-
erative AI. For Hong and Huang [83] and Abdelgadir Mohamed
et al. [1], protection is both technical and ethical, encompassing
data encryption, privacy safeguards, and cybersecurity mechanisms
designed to defend individuals and their privacy.

Alashwal [8], Vhatkar et al. [176], Zhang [194] extend the no-
tion of protection into the regulatory sphere, framing protection
as a matter of governance and discuss policies needed to ensure
transparency, fairness, and accountability in Generative AI use.
Wong-Villacres et al. [186] highlight the Global South’s efforts to
develop data protection frameworks amid uneven infrastructure.

Jia and Yu [91] and Pias et al. [139] broaden the term protection
to include environmental protection through AI applications in
wildlife monitoring and sustainable “green” coding practices. Verma
et al. [175] link protection to children’s rights, emphasizing safety,
privacy, and equitable participation. Hong and Huang [83] propose

strengthening security education for teenagers to enhance their
ability to discern information and their awareness of self-protection.

C.65 Reconciliation
For Abdelgadir Mohamed et al. [1], reconciliation is a process of
balancing AI technology innovation with ethical considerations,
societal values, and regulatory frameworks. Wong-Villacres et al.
[186] propose there are problems with institutionalised regulations
for ethical behaviour in the Global South claiming they can be too
restrictive, ineffective, not enforced, or non-existent. The authors
propose reflective practice of a way of reconciling institutional
requirements with local practice; however, they argue that there
are deep post-colonial power-related issues that are not easily ad-
dressable via reflective reconciliation.

C.66 Regard
The study by Abdelgadir Mohamed et al. [1] adopted the word
regard as a technical construct in AI ethics research, referring to a
measure of social bias in AI generated text especially in language
models. It is part of the framework that evaluate howmodels express
bias towards demographic groups.

C.67 Regulation
With teachers’ and students’ growing dependence on Generative
AIs, Gao et al. [65] propose there is a need for regulatory guidance
on Generative AI use in education. It is concerning therefore that
a content analysis of 26 AI education policies from international
organizations by Li et al. [105] found an unbalanced development of
AI ethics and regulations across various countries. Another review
by Abdelgadir Mohamed et al. [1] found shortcomings in some
current regulatory structures for AI generated text tools. They
“stress the importance of globally coordinated regulatory strategies
that are flexible enough to respond to new technologies as they
emerge”.

A particular issue with regulations developed in the Global North
being used in the Global South was highlighted by Wong-Villacres
et al. [186]. From their study of ethics and computing in the Global
South, the authors found that harm may be caused if regulations
do not accommodate local realities.

In regard to unethical use of Generative AI, Zlotnikova and
Hlomani [198] claim that lack of reliable Generative AI detection
tools complicates the integration and regulation of Generative AI
technologies into educational institutions in African countries.

C.68 Relatedness
Chandrasekara et al. [40] identified relatedness as a psychological
need of learners, which could be fulfilled by certain types of gami-
fied learning and challenges. They designed an innovative platform
that used gamification, AI-driven adaptability, and collaborative
learning to teach Hypertext Markup Language, Cascading Style
Sheets, and JavaScript.

C.69 Relationship
A study by Oyelere and Aruleba [133] that examined the impact
of AI tools on fostering inclusive education in Kenya, Nigeria, and
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South Africa found a strong and interconnected relationship be-
tween students’ motivation and their heavy reliance on AI tools,
such as ChatGPT, for teaching and learning, particularly in pro-
gramming tasks, highlighting their prominent role in computing
education for these Global South countries. Rajapakse et al. [147]
identified social networks and relationships between people as
important contributors to social capital.

C.70 Resilience
The term resilience was used by authors in different ways ranging
from technical robustness to human adaptability. Du et al. [57]
use resilience to describe the ability of ChatGPT-generated code
to withstand adversarial interference and demonstrate reliability
under stress. In contrast, Videla et al. [177] define resilience as
an educational quality, describing a learner’s capacity to resist
intellectual dependency on AI and sustain curiosity, creativity, and
critical inquiry. Similarly, Chen et al. [42] situate resilience within
creative learning, showing how children’s commitment to realizing
imaginative coding projects fosters perseverance through difficulty.
Li et al. [105] and Rajapakse et al. [147] link resilience to teachers’
self-efficacy and adaptability in facing the challenges of integrating
AI into education. Finally, Cubillos et al. [51] view resilience as
a pedagogical outcome, warning that excessive AI support may
weaken students’ independence and problem-solving endurance.

C.71 Respect
A study by Torrato et al. [170] that investigated the perspectives
of teachers and students about ChatGPT found that both groups
were positive about the technology but there were concerns. The
authors concluded that with the rapid advances of the technology,
its use in education should be regulated, and for this it is important
to respect and comprehend both teachers and students feelings and
viewpoints.

A study of ethics and computing in the Global South by Wong-
Villacres et al. [186] mentioned respect as an important concept
when understanding different approaches to ethics across cultures.
As an example they claim that projects with First Nations people
“require respect for their data sovereignty, which can flourish only
if people understand what sovereignty means in relation to commu-
nity control”. As another example, “introducing clear regulations
might not necessarily translate to respect toward citizens’ data
privacy” in countries with authoritarian governments.

C.72 Responsibility
A pedagogical model for teaching algorithms proposed by Wang
[182] uses outcome-based methods that equip students with both
creative problem-solving capacities and social responsibility. Wang
proposes “comprehensive assessments of technical competence,
innovation ability and ethical responsibility for students”, in a way
that shifts a focus from exclusively technical proficiency to empha-
size “socio-ethical responsibility in Algorithmic problem solving”.
Du et al. [57] propose a need for a hybrid approach that mixes
technical efficiency with human ethical judgements, where “re-
sponsibility for ethical and privacy outcomes is clearly defined”.
Similarly, Sebastian et al. [157] advocates for “blending techno-
logical proficiency with a deep appreciation for the environment

and a sense of responsibility toward humanity’s welfare” within
computing education for children.

Adam et al. [3] propose that “responsibility awareness” is one
ethical consideration that is important for pedagogical approaches
that can support Generative AI integration in higher education insti-
tutions. Zhang [194] argue that “universities should integrate ethics
and social responsibility into their curricula, cultivating students’
ability to consider these issues during technology development,
ensuring they can make responsible technical decisions in their
future careers”.

C.73 Right
The term ‘right’ was used in two distinct senses: “right” as meaning
correct, and “right” as referring to an individual’s rights.

A study by Gerede [66] investigated the effectiveness of prompts
students construct when working with ChatGPT to determine
whether students can ask the “right variety of questions to fos-
ter deep understanding”. They found a relationship between asking
a broad range of questions at different Bloom’s levels and perfor-
mance. Budhiraja et al. [39] explored ChatGPT usage in three uni-
versities in India. They found that writing well-structured prompts
that would yield the right answer was challenging for many partic-
ipants.

Verma et al. [175] reviewed the integration of AI in education
in the Global South, with a particular focus on children’s “rightful
participation in AI contexts”. They argue that children often have
limited understanding of the implications of AI technologies and
fewer opportunities to express their views or access appropriate
advocacy. The review highlights key considerations for supporting
children’s rights, including the provision of adequate resources,
protection from potential AI-related harm, and the promotion of
equitable participation in AI integration.

A study of ethics and computing in the Global South by Wong-
Villacres et al. [186] found that computer science professionals in
the Global South often face two forms of inequity: discriminating
against those who are not of “the right” gender or do not hold “the
right” type of knowledge to practise the profession.

C.74 Rules
Alpizar-Chacon and Keuning [12] explored the use of Generative
AI as a support tool for learning. In a survey, students were asked
their views on rules or policies regarding using Generative AI.
They found that “Some students assigned responsibility to teach-
ers (e.g., creating Generative AI-proof assignments) or individuals,
emphasizing the need for self-monitoring to ensure they are still
learning while using these tools. Others compared its regulation
to traditional plagiarism policies or expressed more liberal views
advocating for fewer restrictions.”

C.75 Security
A review of the integration of AI in education in the Global South
by Verma et al. [175] identified privacy and security as barriers to
using AI in the classroom. They found that AI can expose learn-
ers to various risks including cyberbullying, trolling, flaming and
online grooming. While psychological security is a known con-
sideration for effective team work and opening up dialogue, it is
often not prioritised in the Global North, due to perceptions around
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its value. Prioritising this as a value is seen in [55]. A study by
Mwaniki et al. [122] of the perceptions of third-year computer sci-
ence students in Kenya towards the use of Generative AI tools in
their studies found that students were concerned about the security
of their data Zlotnikova and Hlomani [198] claim that in Africa,
the “privacy and security concerns associated with Generative AI
are especially severe due to limited cybersecurity infrastructure,
insufficient regulatory frameworks, resource constraints, low digi-
tal literacy, inadequate awareness and training, rapid digitalization
without safeguards, and dependence on external technologies”.

C.76 Self-Regulation
Prasad and Sane [142] discuss challenges and opportunities that
Generative AI technologies pose for the self-regulation strategies of
novice programming students. They conclude that the use of Gen-
erative AI could hamper students’ self-regulation skills; however,
Generative AI tools also offer affordances and features to enable
design of interventions that promote self-regulation. A study by
Gomez-Jaramillo et al. [67] investigated the pedagogical effective-
ness of Generative AI tools when used in the teaching of object-
oriented programming. Using an AI-assisted sequential tutoring
strategy structured around a master prompt, the design encouraged
progressive mastery and fostered self-regulation.

C.77 Sentiments
Studies of sentiments in relation to Generative AI in the Global
South concern both negative and positive perspectives about in-
teractions with Generative AIs and Generative AI. A study by
Bernardino et al. [30] to assess students’ perceptions of using Chat-
GPT to support scientific paper writing found positive sentiments,
including interest, admiration, motivation, and optimism, as well
as negative sentiments such as uncertainty and concern about the
impact of ChatGPT. Prasad and Sane [142] discuss challenges and
opportunities that Generative AI poses for novice programmers’
self-regulation strategies. They propose that Generative AI tools
may elicit both positive sentiments such as joy and wonder and
negative sentiments such as fear and confusion.

C.78 Social Capital
Bhandari and Yasunobu [33] defines Social capital as “a collective
asset in the form of shared norms, values, beliefs, trust, networks,
social relations, and institutions that facilitate cooperation and
collective action for mutual benefits”. Given the focus on cultural
and value systems in this work, we must recognise that there is
a great diversity in the social norms that span the multi-cultural
educational environment. These have to be carefully navigated and
recognised as the level of agency that teachers may have in a given
space can be limited by cultural issues, social norms, and the extent
of their interpersonal networks. While this issue was not discussed
extensively in the context of Generative AI, the ‘social capital’ that
teachers have in the Global South, focused on their networks and
relationships, have been identified as being potentially insufficient
to grant them agency to engage in relevant study to support the
teaching of more advanced topics such as AI [147].

C.79 Social Cohesion
Wu et al. [187] claim that the uneven geographical and cultural
distribution of AI knowledge creates an AI knowledge gap, exacer-
bating AI development inequalities between the different countries
and regions and also affecting the achievement of social cohesion.
Wu et al. [187] propose that inequities in the geographical and cul-
tural concentration of AI knowledge could cause an “AI knowledge
gap”, exacerbating inequalities in the development of AI between
different countries and regions and may have a negative effect on
the achievement of social cohesion. Wu et al. [187] propose that
in order to bring more balance, researchers and scholars globally
should participate in AI literacy research and practice.

C.80 Social Responsibility
Yang et al. [189] propose that social responsibility is something
that computing educators can focus on as the challenges of low
engagement and inadequate practice conditions have largely been
solved through the use of Generative AI. Wei et al. [183] observed
in a classroom session where students were using Generative AI
in a structured way, that this allowed them to deepen their subject
understanding and heighten their social responsibility, although it
is important to note that the experiments were not focused on that.

Zhang [194] advocates for computing curriculum to include
ethics and social responsibility, ensuring students can make re-
sponsible technical decisions. A focus of responsible decisions is
the green economy, in particular in Latin America and Caribbean,
where a growing focus is on utilizing computing to promote envi-
ronmental protection through energy-efficient coding and using
computing to help tackle challenges related to climate change [139].
Wang [182] applies such an integration by combining the BOPPPS
model (Bridge-in, Objective, Pre-test, Participatory Learning, Post-
test, Summary) with ACPS elements (Algorithm Cases, Political
Education, Coding Platform, and Chaoxing Learning System) in an
algorithms course. The approach uses a case study of dynamic pro-
gramming and introduces national strategies, such as public health
management and intelligent logistics scheduling, to the teaching ex-
ercises. Experimental results show that this model has encouraged
students’ practices on algorithm modelling and enhanced students’
awareness of ethical choice and social responsibility, at a higher
level than traditional methods.

C.81 Socialisation
A scoping review by Ariza et al. [18] analysed the implications of
integrating Generative AI in engineering and computing education
from K-12 to tertiary levels. Areas of focus were the development
of learning outcomes in the cognitive, affective, or behavioural (e.g.,
socialisation) domains of learning.

C.82 Society
As AI technologies become increasingly embedded in everyday life,
Sebastian et al. [157] stresses the importance of empowering chil-
dren to become critical users of digital technologies and “critically
reflect on their consequences, in their everyday life as well as in
society”. Based on a bibliometric review of AI research, Wu et al.
[187] conclude that fostering AI literacy is a shared responsibility of
educators, policymakers, and society at large. Similarly, Zlotnikova
and Hlomani [198] emphasise the importance of coherent national
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policy and strategic planning for the integration of AI in education,
particularly for countries such as Botswana that aspire to become
knowledge-based societies.

At the institutional level, Sebastian et al. [157] highlight the
need for teachers to be supported through professional develop-
ment opportunities, access to appropriate resources, and ongoing
institutional backing in order to keep pace with rapid technolog-
ical change. They also stress that educators must be valued and
recognised for their broader contribution to society. From a societal
perspective, Amos et al. [15] argue that maximising the benefits of
AI technologies requires maintaining a balance between AI-assisted
approaches and traditional educational methods. In this context, un-
derstanding the societal impacts of AI-enabled education is crucial
for promoting long-term societal well-being [176].

Societal benefits and ramifications are clearly identified as ongo-
ing and important considerations in the deployment, development,
and use of Generative AI systems. Abdelgadir Mohamed et al. [1]
stress the importance of considering societal causes in addressing
inequity, to inform change that is beyond “statistical adjustments”.
The issue of an abstracted ethics, which is not grounded in the
societal wishes and norms of communities in the Global South was
raised as an argument against static ethical codes, applied without
cultural consideration and hence often at odds with the cultures
of the Global South [186]. Pan et al. [135] argue that addressing
societal acceptance is an important for equitable and sustainable
educational development.

Papers also recognised the influence of local societal structures
on student perception towards AI, beyond technical and cultural
issues [133].

C.83 Spirit
Use of the term ‘spirit’ identified a dichotomy in the perception of
its relationship with Generative AI. On one hand, authors focused
on how Generative AI can support or enhance high-quality talent
and innovative [183, 189], entrepreneurial [194] and teamwork and
collaborative spirit [183, 195]. For example, Wei et al. [183] found
that their model of integrating Generative AI in all aspects of a
course (defining seminar topics, organizing group divisions, con-
ducting “Introduction-Exposition-Summary” three-part seminars,
group presentations and feedback, and teacher summaries and feed-
back) had significantly enhanced the student interest in operating
system concepts and improved innovative and critical thinking.

On the other hand, Hong and Huang [83] warn of a risk of
extensive reliance on Generative AI leading to decline in critical
thinking, creating a superficial understanding of topics, and leading
to a lack of deep thinking and innovative spirit. Of note is that the
connection between the use of Generative AI and other aspects of
student identity such as geographical or spiritual is not discussed
in the context of the term ‘spirit’.

Matters that are of the spirit, thus spiritual, have been identified
as one anchor of socialisation, which affects how students can
internalise concepts and values [153]. This has also been raised as a
concern where the answers given by Generative AI are at odds with
the culture/spiritual traditions or expectations of a community.

C.84 Stimulation
Stimulation of interest was one of six key teacher conceptions
identified in a phenomenological study by Rajapakse et al. [147].

Most of the participants were ICT teachers with an ICT-related
educational background, which Rajapakse et al. [147] propose is
the reason for their generally positive attitude towards AI education

C.85 Success
Oyelere and Aruleba [133] links student success to motivation, en-
gagement, and accessibility of AI tools. Students view AI tools as
enhancing learning speed and efficiency, suggesting that equitable
access to these tools contributes to academic success in program-
ming education. In view of the widespread adoption of Generative
AIs in industry, Arora et al. [19] stresses the importance of introduc-
ing these tools to students to help them build the “critical thinking
skills needed for professional success”.

In Bispo Jr et al. [34], success is discussed in terms of educational
opportunity and capability. It is not framed as grades but as the
“freedom to achieve well-being” and the capability to be educated,
and equitable access to opportunities for meaningful learning. Ra-
japakse et al. [147] explored the readiness of teachers to teach AI
into Sri Lankan schools and found them unprepared. The authors
argue that the success of the introduction of AI is strongly linked
to teacher preparedness and recommended a professional develop-
ment program.

Gao et al. [65] propose that big data and ML techniques provide
a means for more accurately analysing student learning data to
determine factors that “affect academic performance, ensuring a
more equitable measurement of educational success”.

C.86 Support
Across the articles, support is used as both a pedagogical construct
to describe how learning is facilitated and as a technical construct
to describe capabilities of AI tools.

Many articles use support to describe pedagogical scaffolding,
helping students learn by offering explanations, feedback, motiva-
tion, and opportunities for exploration. For example, Generative AI
guides students through critical thinking and helps them formulate
answers [10], supports brainstorming and creativity [39], enhances
learning through personalised support and deeper conceptual ex-
ploration [19], assists with pre-test preparation [4], and provides
debugging assistance and support for diverse learning modalities
[81].

Another frequent use of “support” is related to teaching. Genera-
tive AI supports instructors by performing routine tasks, generating
content and assessment tasks, or assisting with grading and guid-
ance to students. Examples include educators using AI to monitor
learners and deliver more personalised interventions [127], tools
that help teachers design content, conduct research, and generate
assessments [2, 3], AI-generated explanations that free teachers to
focus on emotional and motivational support [24], and grading or
analytics systems that streamline evaluation processes [13]. Some
studies show that teachers still need systemic support to use AI
effectively in practice [157].

The term “support” is also used in relation to institutional policies
and resources necessary for successful Generative AI integration.
Some studies highlight the need for educational policy support to
enable AI adoption in computing curricula [170, 194] or describe
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how effective scaling of AI-mediated instruction requires pedagogi-
cal oversight in addition to institutional support [67].

A further use of “support” refers to technical capabilities or
functional affordances of AI systems. This includes AI systems
supporting personalised learning resources [65], Generative AI
systems supporting MCQ creation [74], and AI supporting data
cleaning, data integration, and prediction analytics [13].

Some articles use “support” to describe social, community, or
mentoring roles traditionally filled by people. AI can substitute
for mentors by providing tutoring and motivational support [8,
9], act as a virtual peer that boosts engagement and conceptual
understanding [56], offer support to empower communities [164].

Finally, “support” sometimes refers to infrastructure-level con-
tributions within educational systems. This includes AI-based tools
supporting interdisciplinary collaboration and real-time feedback
[121], intelligent Q&A systems supporting knowledge acquisition
[95] and model selection strategies providing methodological sup-
port for scientific use of Generative AIs in programming education
[197].

C.87 Sustainability
Rajapakse et al. [147] claim that many Global South nations take
a fragmented approach to the adoption of AI, frequently missing
the social, economic, and cultural context of local communities.
They propose that this lack of a coordinated approach and context-
aware strategies for AI in education poses a significant barrier to
sustainable integration in the Global South argues. Dos Santos and
Cury [56] propose the use of ChatGPT as a virtual peer for peer
instruction in programming courses, arguing that the these could
bring long term benefits for students learning but this needs to be
evaluated.

C.88 Teamwork
A study of the use of Generative AIs for advanced level computer
programming assignments by Arora et al. [19] reported mixed
effects on teamwork. Some students found Generative AIs pro-
duced good solutions for team members, others found there were
incompatibilities in Generative AI-generated code between team
members. A study by Oran et al. [131] explored the use of Chat-
GPT in teaching project management. For the aspect of teamwork,
they found that ChatGPT improved communication and provided a
more collaborative learning experience. Neyem et al. [127] explored
the impact of stand-up reports on software engineering projects.
They found the AI-powered tools, helped students produce better
StandUp reports, resulting in improved project management and
teamwork. Abdelgadir Mohamed et al. [1] proposes that to ensure
effective teamwork in the age of AI, it is important to incorporate
AI tools that enhance and support, rather than undermine, their
vital human-centric collaborative processes.

C.89 Thought
The different thought processes used by students when working
with Generative AI have been discussed in a number of studies.
In their AI-augmented system, ChatScratch, for teaching young

children programming, Chen et al. [42] introduced the chain-of-
thought reasoning approach in which rationales are integrated as
intermediate steps with examples. A study of undergraduate and
graduate students’ use of large language models for programming
assignments in advanced computing courses by Arora et al. [19]
found that students employed a range of prompting strategies,
from simple contextual prompts to more sophisticated techniques
such as chain-of-thought prompting. The use of chain-of-thought
approaches has also been reported in other studies, where it was
found to foster student engagement and critical thinking [90, 92].

At the same time, there is ongoing debate regarding the role and
potential of AI tools in supporting creative thought [177]. Torrato
et al. [170] caution against the risk of over-reliance on AI technolo-
gies in educational contexts, arguing that such dependence “may
impair pupils’ capacity for autonomous thought”.

From a broader perspective, considerations of ethical frame-
works for AI use must also account for cultural variation and the
“messy” realities of educational practice. Wong-Villacres et al. [186]
emphasises that differing cultural perceptions of what constitutes
valid knowledge, and who is recognised as a legitimate knower,
necessitate culturally situated modes of thinking.

C.90 Tradition
Traditional education methodologies are presented as fundamen-
tally constrained by their human-centric, static, and non-scalable
nature [149]. Generative AI extends the learning and teaching op-
tions from traditional classrooms through access to a large number
of resources [180]. Videla et al. [177] claim that Generative AI’s
application in education has been positively received by advocates
of “traditional and top-down pedagogical approach in which knowl-
edge is conceived as a deposit that the teacher ‘transfers’ to stu-
dents”. However, they caution that the intensive use of Generative
AIs in education is leading to concerns about “cognitive deskilling
and dependency”.

In domains such as programming education, traditional teach-
ing and assessment approaches use labor-intensive practices such
as instructor-written unit tests, manual plagiarism checks, which
are often error-prone and incapable of providing personalised or
dynamic support. The advent of AI has fundamentally redefined
these possibilities, shifting the context from one of constraint to
one of generation and adaptation. For example, Lim and Weng
[108] present an automated coding challenges assembly method,
combining the “strengths of traditional manual problem assembly
with modern computational technology”, resulting in an efficient
system with fairer challenges for students. Another example, Jun
et al. [95] present an using AI technology-based Q&A system for
computer courses and their study shows it outperforms traditional
methods in performance and efficiency.

Amos et al. [15] propose that AI systems act as force multipli-
ers and cognitive partners, automating scalable, repetitive tasks
while augmenting human intelligence with unprecedented levels
of personalisation, creativity, and real-time feedback. This transfor-
mation repositions educators and developers from the traditional
roles of the primary sources of knowledge and execution to becom-
ing curators and guides who interpret and leverage AI-generated
outputs.
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C.91 Transparency
Several studies [86, 99, 163] raise concerns about how transparency
with using Generative AI tools in learning can be supported, fram-
ing the challenge as a trust issue on behalf of the educator of the
content generated. In addition, a lack of explainability of the models
leads to usability and fairness challenges [13]. In marking, trans-
parency of the Generative AI tools, rubrics and prompting used in
automated grading supports trust in the marking process and thus
enhances learning [181].

Transparency is also as a critical issue in Jia and Yu’s study [91],
who highlight that the responsible design of AI tools, where in-
clusivitiy, transparency and accountability is emphasized, has the
potential to significantly increase the positive impact of Generative
AI on society. Similarly, Pias et al. [139] recognise the potential of
computer science, and Generative AI, to promote fairness, trans-
parency and justice across Latin America.

C.92 Trust
Trust was seen as an area warranting particular attention when
dealing with Generative AI. Torrato et al. [170] highlight a potential
dichotomy in the trust in Generative AI responses, with over 81%
of students in a Santiago school saying they trust Generative AI
responses, versus 64% of teachers. Karegowda et al. [96] studied
intelligent chatbots and reported that “the alignment of personality
features between users and chatbots. . .was shown to greatly en-
hance trust and pleasure”. Beyond affinity, Kather et al. [99] focus
on building trust in the data using trusted reviews from past devel-
opers, in a study of a platform augmenting Generative AI models.
This strategy responded to a growing need for transparency and
control, ensuring that students and educators can trust the content
recommendations being made.

In addition to the inability to assess trustworthiness of Genera-
tive AI, the issue of dependency may arise. A study investigating
the AI dependency profiles of Filipino first-year programming stu-
dents, focused on their backgrounds, perceived usefulness of AI,
and trust in AI tools [80]. AI trust in that study referred to the
confidence that students had that the AI tool will provide reliable,
accurate, and helpful suggestions. Trust was seen as a crucial in
relation to dependency, as it reduces hesitation and can increase
the likelihood of AI tool adoption. Verma et al. [175] introduce an
external dimension to the interaction between primary school stu-
dents and Generative AI, highlighting that students could ask for a
second opinion of a trusted adult as prompted by the Generative
AI tools.

C.93 Understandability
Understandability is a criterion in a framework developed byAlaswad
et al. [9] for evaluating Generative AIs based on their educational
performance. A study by Pirzado et al. [140] compared content
generated by Generative AIs with student-generated content, and
found differences in understandability.

C.94 Unity
A review by Abdelgadir Mohamed et al. [1] that explored ethical,
social, and technical challenges posed by Generative AI proposed

that the capacity of the tools for generating misinformation and
the difficulty people face in differentiating between human and AI
generated material present dangers for societal unity.

C.95 Values
According to Oyelere and Aruleba [133], in the Global South the
universally recognised value of programming skills is driving a
uniform demand for AI educational tools. These Generative AI
applications deliver significant value by creating dynamic, person-
alised resources that maximise learning through customisation and
reuse, allowing motivated students to efficiently master high-value
tasks, such as code logic [149].

The study by Oyelere and Aruleba [133] found that students from
different backgrounds perceived the value of AI-driven tools dif-
ferently. The authors claim that “students from under-represented
groups might see more value in Generative AI tools for creating
opportunities and leveling the playing field, as these tools can pro-
vide personalised learning experiences and access to resources that
might otherwise be inaccessible”.

The document “Future of Education and Skills” from the Or-
ganization for Economic Co-operation and Development (OCED)
stresses that AI cannot replace humans and emphasises the “return
to human-centred values” in the age of AI [105]. Hu et al. [86] pro-
pose that "AI education should uphold human-centered AI values
and principles related to ethics, trustworthiness, responsible AI, and
fairness". However, a study of ethics and computing in the Global
South by Wong-Villacres et al. [186], found there was a tension in
translating explicit or implicit values into formal ethics codes, with
participants describing gaps between local realities and globalised
formal ethics codes and rules.

C.96 Virtue
Abdelgadir Mohamed et al. [1] employ a multifaceted ethical frame-
work for their review of the ethical terrain on the use of Generative
AI tools. They focus, however, on virtue ethics and consider the
traits they want AI systems to embody. Examples of such traits
include transparency, accountability, and benevolence. They claim
that the virtue ethics perspective prompted reflection on “the kind
of society we aim to cultivate through the development and deploy-
ment of AI systems”. The perspective addresses several issues such
as societal consequences of the tools (often influenced by the levels
of the equity, inclusivity in those tools), trustworthiness, respect,
public trust, digital rights and freedoms, fairness and bias . Integrity,
responsibility, avoiding harm with AI use are more offshoots of
virtue ethics perspectives in the Global South.

C.97 Welcoming
Samarakoon et al. [151] investigate the effectiveness of using Gen-
erative AI to enhance coding proficiency across a diverse cohort
of undergraduates at a Sri Lankan university. The authors used
Google Classroom which is presented as a welcoming technology
and an accessible, secure, and inclusive digital environment. Google
Classroom presented users with an environment that they felt com-
fortable using, regardless of their technical expertise.
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C.98 Well-Being
Verma et al. [175] propose that Generative AI can have both pos-
itive and negative impact on emotional well-being and stress the
need for privacy protection and digital literacy education to ensure
that “students can safely interact with AI tools without compro-
mising their well-being”. From their study of the use of Generative
AI in programming education, Cubillos et al. [51] concluded that
AI can reduce pressure in programming learning, which may be
beneficial for students’ emotional well-being; however, it can also

lead to excessive dependence on AI and impede the development
of independent problem-solving skills. The dangers of negative
impact of Ai on students’ mental well-being was also mentioned
by Sebastian et al. [157]

A study by Rajapakse et al. [147] exploring readiness of teachers
to teach AI found that emotional well-being was an important
factor in shaping their self-efficacy. Abdelgadir Mohamed et al. [1]
propose that it is important to evaluate how AI tools can contribute
to overall societal well-being and how possible harmful effects can
be mitigated..
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