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Abstract

This thesis examines the impact of large language model (LLM) use on edu-
cation and Al governance and the consequences for integration of Al within
the Radboud University Bachelor of Computing Science. To answer this
question, two methods were combined: a rapid review of recent literature
on generative Al in higher education and computing science education and a
deductive thematic analysis of semi-structured interviews with participants
connected to the Bachelor of Computing Science.

The rapid review showed that current literature presents generative Al
as both promising and disruptive. Reported benefits include support for
learning as a form of online teaching, efficiency, accessibility and student
motivation by making faster progress. At the same time, the most com-
mon concerns relate to academic integrity, overreliance, unequal access and
less meaningful learning processes. The main position that was taken, was
neither full rejection nor full adoption, but careful and selective integration
supported by policy, increased Al literacy among both students and teachers
and assessment redesign.

The interview findings showed a similar pattern. Participants generally
described generative Al as too influential to ignore, but also as risky when
used without critical judgement or when it replaces important parts of the
learning process. Participants strongly emphasized, especially in relation to
the Bachelor of Computing Science at Radboud University, the importance
of foundational programming knowledge, computational and critical think-
ing and clear quality awareness before Al can be used responsibly. Al was
therefore not seen as a replacement for core learning, but at most as a tool
that may become useful once students have first developed the relevant skills
themselves.

The combined findings suggest that LLM use already has a significant
impact on education and Al governance and that action is needed in the
relatively short term. However, the results do not support either full prohi-
bition or broad integration of Al in the Radboud Computing Science curricu-
lum. They point more towards a carefully critical and selective approach.
AT would then only be integrated where this can be justified in relation to
learning goals and the protection of the core skills as defined by the intended
learning outcomes of the Bachelor of Computing Science.
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Chapter 1

Introduction

Artificial intelligence (AI) tools have moved from niche research projects to
everyday “in-the-pocket” assistants in a remarkably short time[30]. Systems
such as large language models can now generate answers, texts and produce
working code in seconds. For many people, these tools are no longer an
occasional novelty, but a part of their daily life. Students often use them
to help with assignments and learning[22]. They are used to brainstorm,
debug, summarize and sometimes even complete tasks. This rapid adoption
is currently redefining how people learn, how teachers design assignments
and how universities try to uphold academic standards.

This tension is clearly visible in computing science education. In the pro-
gram of the Bachelor of Computing Science at Radboud University, learning
outcomes are strongly tied to practicing problem solving through coding and
mathematical understanding. Students not only learn syntax and program-
ming patterns, but also develop computational thinking, debugging skills
and an understanding of underlying concepts. At the same time, Al tools
can already write basic programs, translate pseudocode into code, suggest
solutions to standard assignments and instantly explain error messages. The
solutions Al provides are currently not always up to code; however, it raises
a serious question. When a tool can generate code on demand, what exactly
should students still learn to do manually and how should that learning be
assessed?

Educators face an uncomfortable trade-off. On the one hand, inte-
grating Al into education could better prepare students for the reality of
modern software development, where Al usage is becoming more and more
common|18], which is also reflected in the new term “Vibe Coding”[14]. Us-
ing AI well, might function as a helpful partner or a code-review assistant
that gives feedback and supports independent learning. On the other hand,
unrestricted use of Al can undermine the purpose of introductory coding
assignments, make it harder to evaluate individual competence and increase
inequalities between students who know how to prompt and verify outputs



effectively and those who do not. The central debate is no longer whether
AI will be present in the educational ecosystem, but whether universities
should deliberately integrate it with clear rules or restrict/ban it to protect
core learning goals and fairness.

This thesis investigates this problem from the perspective of experts in
Computing Science at Radboud University by asking:

”"What is the impact of usage of LLMs on education and Al governance,
and what are the consequences for integration of Al usage in the Radboud
computing science curriculum?”

Rather than assuming Al is purely beneficial or purely harmful, this the-
sis focuses on how experts define the goals of the bachelor curriculum and
how they evaluate AI’s impact on those goals. Key considerations include
academic integrity, skill development and the longer-term role of “manual”
coding competence in a field where tools continuously automate parts of the
workflow.

By exploring these perspectives, this thesis aims to map how experts
connected to the Computing Science bachelor at Radboud University inter-
pret the impact of Al tools on education in their field. The focus is on their
views and reasoning and how they believe Al changes what students should
learn, how they understand threats and opportunities for learning and as-
sessment and where they personally position themselves on the spectrum
between integration and restriction along with a literary review following
the Rapid Review Method. The next chapter introduces related work to
ground these perspectives. These consist of how Al may affect conceptual
understanding and teaching practices, the rise of “vibe coding” as a new way
of producing code and earlier major technological shifts that offer historical
parallels for the current debate. Building on this foundation, the research
chapter outlines the interview approach used to collect perspectives and the
rapid review method, followed by a results chapter that organizes the main
themes and points of agreement or disagreement. The thesis closes with a
conclusion that summarizes the findings in relation to the research question
and reflects on their implications for the bachelor program.



Chapter 2

Related Work

2.1 Educational evolution

Education has repeatedly had to renegotiate what counts as a ’basic skill’
whenever a new tool made parts of schoolwork faster, easier or more au-
tomated. A classic example is the widespread availability of calculators.
Meta-analytic research in mathematics education suggests that calculator
availability does not automatically harm learning outcomes and may coin-
cide with improved achievement and attitudes, particularly when instruction
and assessment are designed with calculators in mind rather than treating
them as a loophole[13].

A later wave came with the internet and specialized ’answer engines’.
Tools such as WolframAlpha made it possible to obtain correct answers,
sometimes including worked solutions, quickly. This again questioned whether
something is a legitimate learning aid or does it bypass intended practice,
which could cause a lack of learning due to the ease of usage[8]? This pat-
tern is now visible in policy and review literature on educational technology,
which stresses that learning effects depend on how tools are integrated and
which teaching and assessment practices surround them[26].

These earlier transitions present a possibility for a pattern. Is generative
Al mainly the next step in a familiar sequence or does it change educa-
tional conditions so much that existing approaches to assessment and skill
development require deeper reconsideration?

2.2 Vibe coding

Within computing education specifically, generative Al introduces a new
concept as students can now produce working code from natural-language
prompts, even when they cannot yet explain how the code works or why it
is correct. A term that has gained popularity for this style of development
is ’'vibe coding’. This describes an Al-dependent workflow where code is



produced through iterative prompting and quick trial-and-error rather than
through careful manual construction. Vibe coding is not only a more ac-
cessible way for the average person to code, but could also make coding
significantly faster for those who are already trained[15].

Within this form of education many courses aim to develop more than
just the ability to produce a running program. Students are typically ex-
pected to learn to debug systematically, know about correctness and com-
plexity and they need to be able to justify design choices. If Al systems
can generate solutions quickly, some traditional programming assignments
could shift from assessing implementation skill to assessing tool use or the
ability to recognize plausible-looking outputs and or prompting skills.

Vibe coding may have a place in Computing Science with courses that
aim to help students understand Al Assisted development. This could in-
clude the upside of fast paced coding and the downside of relinquishing some
control over your code quality.

2.3 Impact of AI on understanding and learning
goals

A central concern in the Al-in-education debate is the difference between
performance (producing a ’correct’ answer) and understanding (being able
to explain, generalize, and apply knowledge independently). As mentioned
in the above paragraph students are expected to learn many things beyond
simple code generation. Generative Al can potentially support some of these
aforementioned goals by providing explanations or alternative solutions that
students can compare.

At the same time, a key risk discussed in recent literature is the over-
reliance of students and cognitive offloading. AI can perform the planning
and reasoning steps where learners may skip the mental work that builds
actual competence. This mainly happens when tasks are completed by ac-
cepting outputs rather than using Al as a scaffold[27]. In computing edu-
cation specifically these concerns extend beyond plagiarism. They include
shallow learning, reduced debugging practice and skill gaps that may only
become visible later in the curriculum if learning objectives are not drasti-
cally changed|[2].



2.4 Generative Al in education: effects on learn-
ing and study practices

The surge of large language model (LLM) tools such as ChatGPT has started
many empirical research on how generative Al influences learning in higher
education. Recent meta-analysis generally report positive average effects
on student outcomes when ChatGPT is used as part of an instructional
intervention, while also emphasizing that effects vary strongly by context
and implementation. For example, a meta-analysis of 51 experimental stud-
ies published between November 2022 and February 2025 reports a large
positive effect on learning performance (Hedges’ g = 0.867), moderately
positive effects on learning perception (g = 0.456) and higher-order think-
ing (¢ = 0.457). These were made with moderators including course type,
learning model and intervention duration[28]. Systematic review and meta-
analysis focusing specifically on experimental evidence (69 studies published
between 2022 and 2024) concludes that ChatGPT interventions overall im-
prove academic performance and motivational outcomes. These are associ-
ated with higher-order thinking behaviour, while also reducing mental effort.
These papers highlight that, while ChatGPT may have a positive influence
on learning goals, education should be adjusted[6].

Research also highlights that generative Al changes how students ap-
proach academic work. A systematic review of studies on ChatGPT in
higher education (20 studies between January 2023 and March 2025) shows
recurring themes such as perceived usefulness and efficiency. These come
alongside concerns about overreliance, ethical ambiguity, content accuracy
and academic integrity[9]. Internationally generative Al is seen as both an
opportunity and a risk, emphasizing the need for Al literacy and responsible
use practices rather than treating Al solely as a prohibited shortcut[26].

Related work suggests a consistent pattern in education. Generative Al
can potentially support learning under certain instructional conditions, but
it also introduces risks that are closely tied to how tasks are designed, how
use is guided, and whether assessments can still properly measure required
skills. These examples are based on many different studies, which still allows
for uncertainty regarding its application in education of Computing/Com-
puter Sciences.



2.5 Generative Al specifically in IT/CS education:
effects on programming, assessment, and skill
development

The rise of generative Al is impactful in IT and Computing Science because
many core student objectives can be generated directly from prompts. Re-
search on this problem has therefore focused not only on whether outcomes
improve, but also on what changes in learning processes in this form of
education.

A systematic literature review of generative Al published in late 2025
shows a rapidly expanding and diverse research landscape in computing sci-
ence education. This review was made with studies considering multiple
‘computing’ topics. It reports both opportunities and challenges, which is
similar to other education as mentioned above[l]. Similarly, another re-
view of programming education studies (40 empirical studies) emphasizes
that ’successful integration’ tends to depend on teaching strategies, assess-
ments and integration processes. It again flags over-reliance as a recurring
concern, particularly regarding foundational programming logic and higher-
order thinking[20]. In a similar direction, a systematic review specifically
centered on harms and unintended consequences in computing education
had concerns that again go beyond academic integrity alone. It foresees
risks such as distorted feedback loops, shallow understanding masked by
plausible outputs and skill gaps that may only become visible later in the
curriculum[3]. These possible harms/consequences go further than chal-
lenges for other educations, which does create more risk for the computing
science studies. However, this does not mean it should automatically be
banned from these studies, as it might still be actively used.

Overall, current related work portrays generative Al in IT/CS education
as a domain where the main challenge is not overreliance, but the alignment
between learning goals and what assessments actually measure when code
generation is becoming easier. This current situation leaves a rather large
question to be answered, as is the question of this research. Education is
different everywhere and those connected to the Computing Science bachelor
at Radboud University have a better understanding of what could work and
what would not. Change starts when questions are asked and those willing
to listen take action.



Chapter 3

Research

This research uses two complementary methods. First, a pseudo-anonymous
interview study was conducted with individuals currently or previously in-
volved in teaching, advising or otherwise influencing the Bachelor of Com-
puting Science at Radboud University. These interviews were used to explore
how relevant actors currently view the role of generative Al in education and
more specifically, within the Computing Science bachelor. Second, a rapid
review was conducted to provide a structured overview of recent literature
on generative Al in higher education and computing science education. To-
gether, these methods allow the thesis to combine in-depth qualitative per-
spectives from the local context with broader insights from recent academic
literature.

3.1 Interview study

A qualitative interview study was conducted to explore how individuals
involved in the Bachelor of Computing Science at Radboud University cur-
rently view the use of generative Al in education. Because the research
aimed to understand participants’ perspectives, experiences and consider-
ations in depth, a semi-structured interview design was chosen[24]. This
format allowed the interviewer to prepare a consistent structure across in-
terviews while still leaving room for participants to elaborate freely and
introduce their own interpretations and concerns.

3.1.1 Participants

Ten potential participants, who currently or previously worked at Radboud
University in teaching, advisory or otherwise influential roles within the
Bachelor of Computing Science, were approached for inclusion, of which five
agreed to participate. The final sample consisted of four male participants
and one female participant. To remain unbiased the participants were not



informed about which other individuals participated in the study. To protect
their privacy, the participants were pseudonymised. The participants were
contacted via e-mail or asked in person.

3.1.2 Procedure

The interviews were held in private rooms, in the participants’ office or
a reserved room on the campus of Radboud University, as to retain the
pseudonymity of the participants. The interviews were held only once per
participant and lasted between approximately 75 and 105 minutes. Par-
ticipants were offered the choice of conducting the interview in English or
Dutch of which four chose to converse in Dutch and one in English. The
interviews were recorded, after consent, for the purpose of transcription.

The interviews were designed such that the main questions were phrased
as neutrally as possible. The interviews were held in a conversational man-
ner, allowing substantial room for open interpretation and elaboration, as
long as participants addressed the topic of the relevant interview section.
This structure was chosen to encourage participants to explain not only
their stance on generative Al, but also the reasoning and considerations
underlying that stance.

The interview guide consisted of three main sections. These focused
on participants’ views and knowledge regarding generative Al in daily life
and society more broadly, in higher education and specifically within the
Bachelor of Computing Science at Radboud University. This sequence was
designed to first establish broader perceptions of generative Al before grad-
ually narrowing the discussion towards the educational and local context.

Although the interviews allowed for open conversation, guiding questions
were used to ensure that each interview covered comparable themes.

Generative Al in daily life and society

This section explored participants’ general stance and knowledge regarding
the role of generative Al in everyday life and society more broadly. The
guiding questions were:

e Would you want to see its role in society develop differently?
e Do you think generative Al is here to stay and likely to increase in use
or do you expect its role to diminish over time?
Generative Al in education and higher education

This section focused on participants’ views regarding the use of generative
Al in education, and particularly in higher education. The guiding questions
were:
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e What is your stance on the use of generative Al by students?
e What is your stance on the use of generative Al by professors?
e Do you think generative Al can be used properly in education?

e Would your view change if Radboud University were to provide a pri-
vate institutional Al environment, similar to examples at other Dutch
universities such as VU Amsterdam?

Generative Al in the Bachelor of Computing Science at Radboud
University

The final section narrowed the conversation to the context of the Computing
Science bachelor. The guiding questions were:

e Do you use generative Al yourself in relation to your teaching or work?

e Are students in your courses allowed to use it, or do you follow general
Radboud policy?

e Do you think generative Al can be meaningfully combined with your
course or curriculum, or does it undermine too much of what students
are supposed to learn?

e If so, do you think your course should be adapted?

e Would you potentially change your own course or the broader bachelor
curriculum in response to generative AI?

Each interview ended with the question whether participants believed
generative Al should, in the short term and in the long term, be banned
from or integrated into the Bachelor of Computing Science at Radboud
University.

3.1.3 Ethical considerations

All participants were informed about the purpose of the study, that partici-
pation was voluntary and the intended use of the interview data within this
thesis. Participants provided informed consent before the interviews were
recorded. To protect participant privacy, all interviews were pseudonymised
during transcription and identifying information was removed from the dataset.
Participants were not informed about which other individuals participated
in the study. Audio recordings and transcripts were stored and generated
locally on password-protected devices and were only accessible to the re-
searcher to ensure data would remain local. One participant requested to
review their transcript after transcription and no participants requested re-
moval of statements or withdrawal from the study. As four interviews were
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conducted in Dutch and one in English selected quotations used in this thesis
were translated into English by the researcher. Care was taken to preserve
the original meaning and phrasing of the participants as accurately as pos-
sible. The study was conducted in accordance with the ethical guidelines
for qualitative research at Radboud University. No sensitive personal data
beyond professional perspectives and experiences related to generative Al in
education were collected.

3.1.4 Analysis

The interviews were analyzed using deductive thematic analysis[5]. Deduc-
tive thematic analysis is a qualitative analysis method in which coding and
interpretation are guided by predefined themes (a priori) derived from ex-
isting theory, research questions, or prior findings.

The broader themes used in this study were informed by the research
question, interview guide and findings from the rapid review, which resulted
in five predefined themes:

e Perceptions of generative Al

Generative Al in higher education

Generative Al in the Bachelor of Computing Science

Curriculum adaptation
e Banning versus integrating generative Al

The interviews were first transcribed using aTrain, which is a local and
therefore offline system. The transcripts were then cut to exclude personal
details and imported into ATLAS.ti, which was used to manage and code the
data. Coding was conducted by one data coder. Codes were then compared
to the predefined themes, while allowing for nuance and variation within
each theme.

Following coding, coded fragments were revisited and interpreted within
the broader themes in order to identify recurring patterns or notable differ-
ences across participants. Quotes were included to strengthen these findings.
Participants did not provide feedback on the findings.

3.2 Rapid Review

To complement the qualitative interview study, this thesis includes a rapid
review of the recent literature on generative Al in higher education and com-
puting science education. A rapid review is a form of review that accelerates
a traditional systematic review by streamlining or omitting selected steps,
while maintaining a systematic and transparent approach. This method
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is particularly suitable when time and resources are limited and a timely
overview of available evidence is needed[12].

The rapid review serves three purposes in this thesis. It aims to map the
main reported benefits, risks, and implementation considerations of gener-
ative Al in higher education, to inform the interview focus by identifying
recurring themes in empirical research, and to support interpretation of the
interview findings through combining them with published evidence.

3.2.1 Review question and objectives
The rapid review is guided by the following review question:
"What does recent literature report about the educational impact and gov-

ernance of generative Al in higher education, particularly in computing sci-
ence education?”

To apply this question, the rapid review pursues four objectives:

1. Summarize impacts of generative Al on learning processes and educa-
tional outcomes.

2. Identify challenges for assessment practices, including academic in-
tegrity and validity.

3. Describe implications for fairness, and student support needs.

4. Summarize the solutions and recommendations in the literature for
using or regulating generative Al in higher education.

3.2.2 Eligibility criteria

Eligibility criteria were defined prior to searching to ensure a transparent and
reproducible selection process. Studies were included if they met the criteria
regarding publication characteristics, context, phenomenon of interest, and
focus of outcomes.

Publication date and language

Studies published from 1 January 2022 onward were eligible for inclusion,
as they coincided with the rise of public LLM usage. Publications written
in English or Dutch were included, as these are the languages used in this
thesis and the researched bachelor of Computing Science. Studies in other
languages were excluded due to feasibility constraints.
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Context and population

The review focused on higher education contexts. Studies situated in com-
puting science, programming, or software engineering education were consid-
ered a priority subgroup, but studies from other higher education domains
were also eligible if they addressed the review question.

Problem of interest

Studies were eligible if they examined the use or implications of genera-
tive Al and/or large language model tools in relation to teaching, learning,
assessment creation or completion, or the governance of generative Al in
higher education. Studies on educational technology not involving genera-
tive AI/LLMs were excluded.

Focus of outcomes

The focus of the rapid review is to provide an overview of recent neutral /em-
pirical findings regarding the use of generative Al in higher education. Find-
ings can reflect positive, negative, or mixed effects, depending on what was
reported in the included studies.

Study design and publication type

Empirical studies using quantitative, qualitative, or mixed-methods designs
were included. In addition, systematic reviews, scoping reviews, and meta-
analyses focusing on generative AI/LLMs in higher education were eligi-
ble. Conceptual papers, editorials, and opinion pieces without a described
method or empirical data were excluded. Peer-reviewed journal articles and
peer-reviewed conference papers were included. Studies without accessible
full text were excluded.

3.2.3 Information sources

The literature search was designed to be feasible within the time frame of
this thesis while remaining transparent and reproducible. The search was
conducted on Google Scholar as it contains a widely available and large set
of finished literature often meeting the specified publication type.

3.2.4 Databases and search strategy

Searches were conducted in Google Scholar in April 2026. The publication
period was restricted to studies published from 2022 onward. Language
restrictions (English or Dutch) were applied during screening, as the filtering
for this was not properly consistent.
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3.2.5 Search queries

To keep the search process consistent and manageable, three predefined
searches were performed. Two searches focused on generative Al in higher
education in general (with different emphases), and one search focused
specifically on computing science/programming education.

1. Higher education (general): “generative AI” + "higher education”

2. Higher education (assessment/integrity focus): "generative AI”
+ "higher education” + ”assessment”

3. Computing science / programming education: “generative AI”
+ "programming education”

3.2.6 Procedure

After the search strategy and eligibility criteria had been established, the
rapid review was conducted. Across the three search strings, 90 records were
identified. After removal of duplicates, 73 records remained for screening.
These records were assessed on the basis of their titles, abstracts, and bib-
liographic details to determine whether they met the predefined eligibility
criteria. Following this initial screening stage, 25 studies were selected for
full-text review. After full-text assessment, 11 studies were included in the
final sample.

The 14 studies excluded after full-text review were omitted for several
reasons. Some were too narrowly focused on a single application of genera-
tive AT in education, limiting their relevance to the broader review question.
Others combined computing science education with engineering education in
ways that made it difficult to isolate findings relevant to the present study.
Additional studies were excluded because their evidential value was limited,
for example due to very small sample sizes, or because their primary fo-
cus was on policy implementation rather than on the educational impact or
governance questions central to this thesis.

As the review was conducted by a single researcher, no inter-rater agree-
ment could be calculated.

3.2.7 Analysis

After study selection, the 11 included papers were analyzed using a narrative
synthesis approach[21]. As the rapid review was based on three predefined
search queries, the studies were first grouped according to the query through
which they were selected. This resulted in three analytical groups. Four
studies originated from the ”generative AI” + ”higher education query”,
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rather than educational impact or
governance

Inclusion | 11 studies included

Figure 3.1: Rapid Review procedure.
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three studies from the ”generative AI” + ”higher education” + ”assess-
ment” query, and four studies from the ”generative AI” + ”programming
education” query.

Within each group, the studies were read and compared on their reported
findings and conclusions. Particular attention was paid to recurring themes,
such as reported effects on learning and the suggested role of generative Al
in education. Differences in emphasis or conclusion between studies were
also noted where relevant.

The findings were synthesized in two stages. First, each query group was
summarized separately by identifying the main recurring conclusions across
the included studies. Second, the grouped findings were compared across
all three categories in order to identify broader patterns in the literature
as a whole. This approach made it possible to move from query-specific
findings to an overall interpretation of how recent literature reports on the
educational impact and governance of generative Al in higher education,
particularly in computing science education.

3.3 Trustworthiness

To strengthen the trustworthiness of this study, the criteria proposed by
Lincoln & Guba were considered. These include credibility, transferability,
dependability and confirmability[19].

3.3.1 Credibility

Credibility is considered the confidence of the ”truth” of the findings. Cred-
ibility was primarily supported by methodological triangulation. The inter-
view findings were considered alongside the rapid review findings, allowing
the localized perspectives of the interviews to be compared with the broader
patterns identified in recent academic literature.

This combination strengthened the interpretation of the findings, as
themes identified in the interviews could be related to existing research on
generative Al in higher education and computing science education.

3.3.2 Transferability

Transferability is the extent to which findings may be applicable in other
contexts. The interview findings are inherently context-specific, as the study
focused on individuals involved in the Bachelor of Computing Science at
Radboud University. The findings should therefore not be interpreted as
broadly representative of higher education institutions as a whole.
However, detailed descriptions of the institutional context, participant
roles, interview structure and analytical process were provided to allow read-
ers to assess the relevance of the findings to comparable contexts. The rapid
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review included studies from multiple higher education settings, increasing
the relevance of the reviewed literature.

3.3.3 Dependability

Dependability concerns the consistency and transparency of the research
process. Dependability was supported by clearly documenting the research
procedures, interview structure, rapid review procedure and the analytical
approach used throughout the study.

Predefined themes and guiding questions helped maintain a relatively
consistent structure across interviews, while still allowing flexibility for par-
ticipants to elaborate on their own perspectives. The coding and analysis
process was systematically conducted with predefined themes and docu-
mented using ATLAS.ti.

Within the rapid review, dependability was supported through the use
of predefined eligibility criteria, predefined search queries and a transparent
study selection procedure. However, as both the rapid review and interview
analysis were conducted by a single researcher, no inter-rater agreement or
formal inquiry audit could be established.

3.3.4 Confirmability

Confirmability regards the idea of neutrality in the research and how the
study is shaped by the participants and not researcher bias, motivation or
interest. As the interviews, rapid review, coding and interpretation were
conducted by a single researcher, complete neutrality cannot be assumed.

Confirmability was supported through reflexivity by acknowledging the
interpretative role of the researcher and the potential influence of the re-
searcher’s background within the context on the research process. A partial
audit trail was maintained, to further increase confirmability, through doc-
umentation of the search strategy, eligibility criteria, the thematic structure
and analytical decisions throughout the study.

Finally, direct quotations were included throughout the findings section
to illustrate the connection between participants’ responses and the inter-
pretations made by the researcher.
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Chapter 4

Results

4.1 Interviews

4.1.1 Findings

The interview analysis was informed by five predefined thematic areas de-
rived from the research question and a preceding rapid review, which are
general perceptions of generative Al, generative Al in higher education, gen-
erative Al in the Bachelor of Computing Science, curriculum adaptation, and
the question of banning versus integrating generative Al. Within each theme
codes were developed connecting direct quotations to the relevant themes.

Perceptions of generative Al

Participants broadly described generative Al as an unavoidable and increas-
ingly influential development, while simultaneously expressing concerns re-
garding its reliability and impact. Al was frequently framed as a potentially
valuable tool, but always considered to be very risky.

All participants emphasized that generative Al is unlikely to disappear,
describing it as a technology that is ”becoming more and more important”
and a "keeper”. While all assumed generative Al to stay, they were quite
skeptic. One participant characterized the current state of Al as ”a mess”,
pointing to issues such as hallucinated references and unreliable outputs.
They addressed the concerns of generative Al taking over certain jobs or
other tasks about which most, again, were skeptical. One person stated
they do not believe generative Al would be used as a direct aid or assistant
of sorts, as people want to remain in control: ”I do not think people would
want that, I don’t think people would want to lose so much control.”

A recurring concern was that users misunderstand the nature of gen-
erative Al. Participants noted that Al is often treated as a search engine,
which they noted as expected since many models seem designed to look
like it, despite functioning fundamentally different. As one participant ex-
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plained, this creates a ”false sense of certainty” where outputs are assumed
to be factually correct even when they are not. Some accepted that gener-
ative Al could potentially generate better and faster product output, but
were still extremely negative regarding the use of it: ”but I wont deny that
if you can produce a better product using Al that I understand your usage
of Al in your area. However, would I hold it against you? Absolutely. You
are helping the complete and utter destruction of our society.”

These findings suggest that generative Al is not merely seen as a neu-
tral tool, but as a potentially disruptive technology that challenges existing
assumptions about online information and product creation. However, they
acknowledged that it will remain relevant.

Generative Al in higher education

Participants highlighted both opportunities and risks associated with the
use of generative Al by students. While Al was recognized as potentially
useful for tasks such as brainstorming or refining text, concerns were raised
about its impact on student learning processes. That refining text or letting
generative Al create text hindered creativity and quality, ”I think it is about
how engaged your brain is with what you are currently trying to write.” and
writing it yourself forces you to mentally engage with it thus reconsidering
everything that you wrote, ” Writing is an essential part of your thinking pro-
cess.” One participant noted that students who directly input assignments
into AT tools, destroy any learning opportunities as quoted: ”aren’t learning
anything”, while another argued that over-reliance on Al resembles a form
of unproductive cheating, where students do not meaningfully engage with
the content.

Participants acknowledged that students are likely to use Al regardless
of institutional rules, particularly in situations involving time pressure or
deadlines and that institutions should consider that possibility. For example
stating that ”We need to keep evaluating what we want students to learn,
how we want them to learn and how realistic our wants are compared to
reality.” and ”The learning process needs to be protected.” This highlights
the issue of not always being able to fight Al usage and therefore potentially
having to adapt to secure quality of education.

These findings indicate that the challenge for higher education is not
simply whether generative Al should be used, but how its use can be aligned
with learning, especially focusing on ensuring that it does not lower the
quality of education.

Generative Al in the Bachelor of Computing Science

In the context of the Bachelor of Computing Science generative Al was dis-
cussed primarily in relation to programming skills and the development of
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computational thinking. Participants consistently emphasized that effective
use of Al in programming requires prior knowledge stating that ”to effec-
tively use Al you sort of need to be a specialist in your field”. Generative
Al was therefore not framed as a replacement for programming education,
but as a tool that may only become useful once students have developed
sufficient understanding to evaluate its output.

One participant explained that in programming education there are clear
differences between students who use generative Al critically and students
who simply copy the assignment into an LLM. This can be seen by compar-
ing students with programming expertise to those without as experienced
students are better able to evaluate the output because they know, ”when
you are good at programming you know how to research it, how to criti-
cally research it” and can assess whether a program looks as expected or
as they stated: "you try to test it and check if the program matches your
expectations of what it should look like”. This was strongly related to the
idea of quality awareness. One participant argued that ”recognizing quality
becomes more and more important”. Without this awareness, students who
cannot yet program are, as one participant stated: ”at the mercy of AI”.
This suggests that generative Al use in the Computing Science Bachelor does
not remove the need for programming knowledge, but actually increases the
importance of being able to judge code quality and to understand the fun-
damentals behind it.

This concern was also reflected in teaching practices where some courses
restrict the use of generative Al to ensure that students develop core compe-
tencies independently. One participant explained that programming is: "a
skill that you only acquire by messing around with it”. Similarly, difficult
programming concepts were described as things students sometimes need
to "struggle with a bit”, because those moments of struggle are part of the
learning process.

At the same time, participants did not reject all forms of generative Al
integration. There are considerations for a course Al Assisted Development,
as an example of a more careful approach. One participant emphasized that
this course is placed later in the curriculum because students must first de-
velop ”programming skills, logical thinking and algorithmic thinking”. The
same participant explicitly stated that the course ”will not simply be vibe-
coding”. This indicates that generative Al integration is being considered,
but only after students have acquired the foundational skills needed to use
it responsibly.

Overall, participants viewed generative Al in Computing Science as po-
tentially useful, but only under specific conditions. Students first need to
develop programming knowledge, critical thinking and quality awareness.
In case they do not learn these generative Al risks becoming a substitute for
learning rather than a support for learning. One participant summarized
that Al may not always directly undermine learning in every context, but
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in many foundational settings ”it is so much easier to just be able to say,
let’s not do it.”

Curriculum adaptation

Participants widely agreed that the rise of generative Al requires changes to
the curriculum, particularly with regard to assessment practices. A central
issue identified was the continued reliance on product-based assessment.
Several participants noted that, "we have to work towards process based
testing”, as it is increasingly difficult to determine whether a submitted
product was created by a student or generated by generative Al or as one
participant stated ”Our way of assessment is very product oriented. And
that we cannot hold, because you cannot see if that product was made by Al
or a student.” This undermines the validity of traditional assessment meth-
ods, which focus primarily on these final outputs and not the process leading
up to it. This approach of process based testing focuses how students arrive
at their answers. Students have to include their usage of generative Al their
reasoning within the assignment and show their ability to evaluate outputs
critically. Suggested approaches included tracking workflows, incorporating
reflections, such as oral exams, and focusing on the development of critical
thinking skills.

One participant did note that they would, if allowed, not adjust their
courses stating that "I do not think certain courses will ever be changed,
but I think our field will come to the conclusion: No, learning this form of
programming is an essential skill.” and that ”in the courses that I teach it
seems very clear that Al only undermines the learning goals”.

These findings suggest that curriculum adaptation should be considered.
However, it should not focus solely on restricting generative Al use, but on
redefining what constitutes evidence of learning. At the same time, it should
be accepted that some courses should be considered to remain the way they
are currently and to more strictly handle generative Al

Banning versus integrating generative Al

The question of whether generative Al should be banned or integrated into
education was the final question and dilemma across the interviews. Rather
than reaching a clear consensus, all participants described this issue as a
complex problem, that should be dealt with in the relatively short term.
One participant stated ”This is not a black and white answer, this is a gray
area’”.

Banning generative Al, particularly in the early stages of education, was
seen as a way to protect the development of foundational skills. On the
other hand, participants argued that integration is necessary, as generative
AT is already widely used in professional contexts and by students. One
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participant explicitly framed this as a dilemma between completely pro-
hibiting generative Al usage and teaching students ”to use it responsibly”,
also again referencing the potential of the Al Assisted Development course.
This reflects a broader uncertainty within higher education regarding how
to balance safeguarding learning processes and preparing students for fu-
ture professional environments. Only one participant was incredibly strict
regarding integration and would preferably consider it fraud stating: It
should just be treated as academical fraud and that the course assessment
is of such a level that we can simply filter out 99% of those that do use it”.

Both long term and short term were considered for answering this ques-
tion, but the answers remained relatively the same as most did not want to
try and ”predict the future” in the long term.

Taking all points into the account the findings indicate that neither full
prohibition nor unrestricted use is considered sufficient. Most participants
pointed towards the need for a balanced approach in which students first de-
velop core competencies and are subsequently taught how to use generative
Al in a critical and responsible manner.

General findings

The interviews show that participants generally did not view generative Al
as something that is simply good or bad. It was described as a development
that is becoming too important to ignore, while at the same time bringing
major risks for education. Across the interviews concerns about overreliance
and the possible undermining of student learning returned repeatedly.

A strong pattern was that participants were less concerned with genera-
tive Al existing at all and more with the way it may replace important parts
of the learning process. Programming and struggling with difficult material
were repeatedly described as essential parts of education. Al was mainly
seen as problematic when it takes over these parts too early or too fully.

Most participants did not argue for a complete rejection of generative
AT in education. They generally recognized that Al is already part of pro-
fessional life and will likely remain so. For that reason, many argued that
students should at some point be taught how to use it critically and respon-
sibly. This was usually seen as something that should only happen after
students have first developed the necessary core skills themselves.

The interviews point towards a careful and selective approach with a
slightly negative edge. Full prohibition was not seen as a sufficient long-
term answer, but complete integration was also rejected.

The interviews therefore suggest that the impact of LLM use on educa-
tion is mainly seen as double-sided. Generative Al may have value in later
stages of learning and in professional contexts. Its current use however, was
often seen as risky in relation to the protection of meaningful learning pro-
cesses. For the Radboud Computing Science curriculum, the consequence
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of integration would therefore not merely be the addition of Al-related con-
tent, but a broader need to reconsider how learning goals and assessment
practices are aligned.

4.2 Rapid Review

4.2.1 Findings

The findings of the rapid review are organized according to the three an-
alytical groups derived from the predefined search queries. This structure
makes it possible to first examine the literature separately within each pre-
defined category, before drawing a broader conclusion. The first subsection
discusses studies on generative Al in higher education, the second focuses
on studies concerning generative Al and assessment in higher education,
and the third addresses studies on generative Al in programming education.
The final subsection draws these findings together into an overall narrative
synthesis.

Generative Al in Higher Education

The four studies selected for this group[l1, 10, 16, 17] present generative
AT as a development with major implications for higher education, but not
as a purely positive or negative. In the selected papers generative Al is
associated with several potential benefits like personalised learning and more
support for students and staff. Francis et al. describe generative Al as a
tool that can deliver substantial effiency gains and enhanced educational
outcomes, while also emphasising that these benefits depend on very careful
implementation. Similarly, Farrelly and Baker point to the potential value of
Al for international students as a personalised language tutor and a potential
afforable non human real-time support. Lee et al. also show that some
educators already use Al as a practical tool for instance to test assessment
tasks.

The studies consistently stress substantial risks especially in relation to
academic integrity and overreliance on Al systems. Academic integrity is
the most prominent of the concerns, but the papers show that this concern
is more complex than simple student cheating. Francis et al. discuss the
difficulty of distinguishing student-generated and Al-generated work. Far-
relly and Baker add that Al detection tools are not reliable enough to serve
as sole evidence of misconduct and that false accusations may especially af-
fect international students and students writing in English as an additional
language. They also mention bias and unequal access in relation to paid sub-
scriptions Francis et al. argues the digital divide noting that access to more
powerful Al tools may depend on paid subscriptions and reliable internet
access.
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The four studies converge on the view that higher education cannot sim-
ply ignore the presence of generative AI. The papers argue for an active
response to address the situation. This includes clearer policy development,
stronger Al literacy among both staff and students and adjustments to teach-
ing and assessment practices. The selected studies do not advocate either
adoption or outright rejection, but rather careful and responsible integra-
tion. Francis et al. recommend transparent policies, revised assessment
designs and GenAl literacy programmes for both staff and students. Kurtz
et al. provide a more explicit set of integration strategies. which includes for
example raising awareness of disruptive change, training faculty and chang-
ing assessment practices. Lee et al. support this need empirically showing
that less than a quarter of surveyed staff felt adequately equipped by their
university to deal with AI, while more than three quarters indicated that
they wanted support.

Taken together, the four studies in this category suggest that generative
AT is best understood as a disruptive but potentially valuable development
in higher education. Its impact depends less on the technology itself than
on the extent to which institutions are able to shape its usage through
adaptation and clear governance. Albeit assuming proper and fair usage of
students, as is with all forms of education.

Generative Al in Higher Education Assessment

The three studies selected for this group[31, 29, 25] show a fairly clear shared
view that generative Al is putting pressure on traditional forms of assess-
ment in higher education. More conventional assessments such as essays,
short-answer tasks, and take-home assignments are described as becoming
less reliable when students can use Al tools to answer these problems with
relatively little effort. Xia et al. state that tools such as ChatGPT can
support students in completing tasks such as essay writing, proposal writ-
ing, and take-home examinations, which raises concerns about cheating and
academic integrity. Similarly, Weng et al. argue that traditional assessment
methods do not operate effectively in the GenAl era, because there is a mis-
match between GenAl-integrated learning practices and traditional forms of
assessment such as written essays and exams. This creates obvious concerns
around academic integrity, but also around whether these assessments still
properly measure student understanding and learning.

These studies are not entirely negative regarding Al usages and assess-
ment. They suggest that higher education needs to rethink what assess-
ment is supposed to do and what it should actually capture. Xia et al.
identify possibilities such as self-assessment, immediate feedback and more
diverse assessment methods, while also emphasising the need for teachers
to design tasks that focus on critical thinking and creativity. Weng et al.
distinguish between traditional assessment and GenAl-incorporated assess-
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ment. In their review examples of GenAl-incorporated assessment include
asking students to critique ideas and solutions generated by ChatGPT or
demonstrate communication and collaboration skills through group-based
tasks. Smolansky et al. similarly tested adapted assessment prompts in
which students had to analyse and improve Al-generated essays or evalu-
ate Al-generated code rather than simply produce a final answer themselves.
Across the three papers it is clear that assessment should move towards more
direct type of assessment. This includes approaches such as oral assessment,
checking Al generated output and tasks that focus more on reasoning, ap-
plication, and reflection than on producing a final written product alone.

Another recurring point in these studies is that the issue is again not only
about cheating. The papers also connect assessment to a broader shift in
learning outcomes. Skills such as critical thinking, creativity, self-regulated
learning, Al literacy, and career-related competencies are repeatedly men-
tioned as becoming more important in a GenAl-influenced learning envi-
ronment. Assessment is therefore not only described as a way to measure
learning, but also as something that shapes what kinds of learning higher
education should now prioritize. Weng et al. explicitly identify two new
or refocused learning outcomes in GenAl-facilitated learning environments,
which are career-driven competencies and lifelong learning skills. These in-
clude skills such as critical thinking and problem solving. Smolansky et al.
also show that students and educators recognise the need for assessment
reform although students were more hesitant than educators about adapted
assessments because of concerns such as a possible loss of creativity.

The three studies in this category suggest that generative Al is pushing
higher education assessment away from more traditional output-based for-
mats and towards more adaptive, authentic, and skill-oriented approaches.
The overall conclusion is that assessment reform is necessary, not only to
reduce misuse of A, but also to better match higher education with the
kinds of knowledge and competencies students will need in an Al-influenced
context. This grows only more relevant with more and more integration of
Al into daily life and professional practice.

Generative Al in Programming Education

The four studies selected for this group[7, 4, 32, 23] show that generative Al
is already starting to change programming education in clear ways. Across
these papers GenAl is mainly presented as a tool that can support students
through many different ways, for example code generation or feedback, dur-
ing the programming process. Deriba et al. shows that this is already
happening in their sytematic review where this was concluded from over 37
studies. Prather et al. describe opportunities such as using LLMs as pro-
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gramming assistants in various ways and generators of teaching materials.
This suggests that Al tools could be used to reduce some of the barriers that
often make programming difficult, especially for less experienced learners.

The studies also connect GenAl use to motivation and engagement. Yil-
maz et al. found in an experimental study with undergraduate program-
ming students, that those who used ChatGPT during programming practice
scored significantly higher than the control group on computational thinking
skills, programming self-efficacy, and motivation. Boguslawski et al. simi-
larly found that students were already making extensive use of LLMs and
that these tools could improve learner autonomy and sense of competence
by offering more personalised learning support, while also reducing negative
emotions such as frustration or insecurity. GenAl can in this sense function
as a low-threshold support tool that allows students to utilize a sort of per-
sonal teacher without the fear of negative judgement.

However, the studies are not completely positive about this develop-
ment. A recurring concern is that students may become too reliant on Al-
generated answers and therefore skip important parts of the learning process
themselves. Prather et al. warn that students may use Al-generated code
that they do not understand or be come over reliant on LLM’s. Deriba et
al. also identify concerns about over-reliance on GenAl tools and students
accidentally accepting faulty answers. Boguslawski et al. add that although
LLMs can reduce frustration and support motivation, they may also encour-
age students to accept generated content uncritically or avoid the struggle
that is sometimes necessary for learning programming properly. This makes
generative Al not only a learning support tool, but also a challenge for
programming assessment and skill development.

Another point that comes back across these studies, is that programming
education may need to shift its focus somewhat. Skills such as understand-
ing code and evaluating Al-generated output, while also knowing how to use
these tools critically are described as becoming more important. Prather et
al. argue that the traditional approach of asking students to write many
small programs may become less reliable because LLMs can solve many in-
troductory programming tasks with simple prompts. They therefore suggest
that computing education may need to place more emphasis on problem-
solving, code or program understanding and the responsible use of Al tools.
Boguslawski et al. also distinguish between resisting Al use and embracing
it by teaching students to collaborate with Al, focus on code reading and
critique and use the tools in ways that prepare them for future professional
practice.

The papers still make clear that human support, structure, and guid-
ance remain necessary as Al cannot fully replace the role of educators in
supporting learning and motivation, as of yet. Boguslawski et al. explic-
itly argue that current LLMs cannot adequately provide or replace social
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support, which remains a key factor in learner motivation and Prather et
al. similarly report that students and instructors agreed that GenAl tools
cannot replace human instructors.

Taken together, the four studies in this category suggest that generative
Al in programming education should be seen as both useful and disrup-
tive. It can support student learning, motivation and confidence, but it also
creates clear risks if students start depending on it too much or use it with-
out real understanding. The overall conclusion is therefore that these tools
should not simply be rejected, but they should be used carefully in ways
that still protect core programming skills, critical and logical thinking and
meaningful learning.

General Findings

The studies included in this rapid review show that current literature is
not necessarily positive or negative. The literature is broadly consistent in
suggesting that generative Al is becoming too important to ignore in higher
education, while acknowledging its benefits and downsides. Across the three
groups of studies Al is repeatedly described as offering clear opportunities
for learning and educational support, while at the same time, these same
studies consistently point to serious risks. These risks are centered around
academic integrity or unequal access, improper usage of its functionality and
the potential weakening of critical /logical thinking skills.

The general pattern across the literature is therefore one of cautious
acceptance. The reviewed studies do not support a complete rejection of Al
in education, but neither do they support uncritical adoption. They suggest
that Al should be integrated carefully and deliberately, with attention to
clear policies, assessment design and the protection of meaningful learning
outcomes. The broad conclusion across the reviewed papers is that the
central question is no longer whether Al belongs in higher (programming)
education, but how it can be integrated in ways to increase Al literacy while
also preserving educational quality.
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Chapter 5

Discussion

This study found that generative Al is viewed neither as a tool that should
be fully banned nor as a tool that should be broadly integrated into the Rad-
boud Computing Science curriculum. Instead, both the interview findings
and the rapid review point towards a careful and selective approach. This
is in line with existing literature, which similarly presents generative Al as
both promising and disruptive in higher education[11, 10, 16, 17]. Previous
studies have shown that generative Al can support learning and student
motivation, but also creates various risks related to overreliance, assessment
and reduced meaningful learning[28, 6, 31, 29]. The present findings mainly
support this broader pattern, while adding that these risks become especially
relevant in Computing Science education because Al can directly produce
code and explanations that resemble these intended learning products of the
curriculum[7, 4, 23].

5.1 Strengths and limitations

A defining strength of this study is that it combines two complementary
sources of evidence. The rapid review provides an overview of recent litera-
ture on generative Al in higher education and computing science education,
while the interviews add more detailed insight into how these broader devel-
opments are understood within the specific context of the Radboud Com-
puting Science curriculum. This combination made it possible to compare
local perspectives with wider patterns in the literature.

At the same time, several limitations should be considered. The inter-
view study was based on a small sample of five participants from one specific
educational context. The findings should therefore be carefully interpreted
as it will likely not be a perfect representation of all Computing Science
staff at Radboud University or of higher education more broadly. Both the
interview coding and the rapid review were conducted by a single researcher,
meaning that no inter-rater agreement could be established and that bias,
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even if attempted to reduce as much as possible, will always be there. The
rapid review was also limited by its use of predefined search queries and one
main search database, which means that relevant studies may have been
missed. Finally, because generative Al is developing quickly, the findings of
this study should be understood as a reflection of a rapidly changing sit-
uation rather than as a final conclusion about the role of generative Al in
education for all time.

5.2 Recommendations

Based on these findings, several recommendations can be made for higher
education focusing on Computing Science. First, foundational programming
courses should remain careful with the use of generative Al, especially when
the use of generative Al would replace the practice needed to develop these
programming skills through hardship. Second, generative Al should be in-
tegrated selectively and preferably later in the curriculum, when students
have developed enough knowledge to critically evaluate Al-generated out-
put. The Radboud University has already taken steps in this aspect with the
current development of the AI Assisted Development course. Third, assess-
ment should move beyond final products alone and include more attention
to process, reasoning and justification, for example, if realistically possible,
through oral explanation or process-based assessment. These recommenda-
tions do not imply that generative Al should be fully rejected, but that its
use should be explicitly connected to learning goals and the protection of
core skills, which is in line with the findings of the research.
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Chapter 6

Conclusions

This research aimed to answer the question: “What is the impact of usage
of LLMs on education and Al governance, and what are the consequences
for integration of AI usage in the Radboud Computing Science curriculum?”
This was done by combining a deductive thematic analysis of semi-structured
interviews with participants connected to the Bachelor of Computing Science
and a rapid review of recent literature on generative Al in education.

The findings show that LLM usage already has a substantial impact on
education and Al governance. Both the literature and the interviews point to
possible benefits, such as learning support and efficiency, but also to serious
risks. These include overreliance, unreliable output and less meaningful
learning processes. This means that action is needed in the relatively short
term.

The findings do not support either full prohibition or broad integration
of Al into the Radboud Computing Science curriculum. Instead, they point
towards a selective approach. Al should not be ignored, but it should only
be integrated where this can be justified in relation to the learning goals
related to the subject. This suggests that generative Al partly follows an
existing pattern of education adapting to new tools, but that its ability to
directly produce code and explanations makes its impact on Computing Sci-
ence education more fundamental and therefore does in fact require deeper
reconsideration.

In conclusion, the impact of LLMs on education is significant, but their
integration into the Computing Science curriculum should remain carefully
limited. The challenge for higher education is therefore not simply whether
to allow AI, but how to respond to it without undermining the core purposes
of education, which also applies to the Bachelor of Computing Science.
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