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Abstract
Generative AI (GenAI) is playing an increasingly influential role in
computing education across all levels, offering new opportunities to
support both teaching and learning. However, its effective integra-
tion raises critical concerns related to trust, academic integrity, and
broader social and ethical implications. While substantial attention
has been given to GenAI use in introductory programming courses
(e.g., CS0/CS1), there remains a notable gap in research addressing
its application in “upper-level” computing courses, such as software
engineering, human-computer interaction, algorithms, operating
systems, and theoretical computer science.
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This working group report presents two complementary studies:
a systematic literature review of GenAI interventions in upper-
level computing education, and a survey of computing instructors
on their practices and perspectives regarding GenAI integration in
these contexts. Based on the combined findings, this report presents
an overview of current practice and practical guidance for com-
puting instructors. The report is intended to inform the design
of engaging, pedagogically sound, and forward-looking curricula
that align with modern educational and workforce standards and
expectations.

CCS Concepts
• Social and professional topics → Computing education.

Keywords
Generative AI, computing education, learning goals and outcomes

ACM Reference Format:
Dennis J Bouvier, Bruno Pereira Cipriano, Richard Glassey, Olga Petro-
vska, Emma Anderson, Anastasiia Birillo, Ryan Dougherty, Raymond Pet-
tit, Nuno Pombo, Ebrahim Rahimi, Charanya Ramakrishnan, Alexander
Steinmaurer, Shubbhi Taneja, Muhammad Usman, and Annapurna Vada-
party. 2025. The Rest of the Robots: Generative AI in Post-introductory
Computing Education. In 2025 Working Group Reports on Innovation and

61

https://orcid.org/0000-0002-3053-4850
https://orcid.org/0000-0002-2017-7511
https://orcid.org/0000-0002-8996-0221
https://orcid.org/0000-0003-1170-8816
https://orcid.org/0000-0002-3051-469X
https://orcid.org/0000-0003-2269-8211
https://orcid.org/0000-0003-1739-1127
https://orcid.org/0000-0001-9675-025X
https://orcid.org/0000-0001-7797-8849
https://orcid.org/0000-0003-1916-4024
https://orcid.org/0009-0009-7704-5868
https://orcid.org/0000-0002-1760-2855
https://orcid.org/0000-0002-2403-9407
https://orcid.org/0000-0002-8132-0107
https://orcid.org/0009-0002-4370-764X
https://creativecommons.org/licenses/by-nc-nd/4.0
https://creativecommons.org/licenses/by-nc-nd/4.0
https://creativecommons.org/licenses/by-nc-nd/4.0
https://doi.org/10.1145/3760545.3783970


ITiCSE-WGR 2025, June 27-July 2, 2025, Nijmegen, Netherlands Dennis J Bouvier et al.

Technology in Computer Science Education (ITiCSE-WGR 2025), June 27-
July 2, 2025, Nijmegen, Netherlands. ACM, New York, NY, USA, 47 pages.
https://doi.org/10.1145/3760545.3783970

1 Introduction
The coming of artificial intelligence has been predicted and dis-
cussed as far back as the 1950s [77]. Prior to 2020, each generation
of artificial intelligence (e.g., expert systems) has gone through the
typical technology hype-cycle, beginning with growing optimism
that eventually fades as the promised potential transformation fails
to materialize [30].

Along with the development of the transformer model archi-
tecture [119] came the latest generation of artificial intelligence
(AI), commonly referred to as “generative AI” (GenAI). One prolific
example involves “large language models (LLMs)”, also known as
transformer-based models. Since then, thousands of peer-reviewed
scholarly articles have been published describing the impact of
GenAI within various societal sectors including the economy, busi-
ness practices, labor, politics, and many more. This report focuses
on the sector of “computing education”; in particular the impact
of GenAI on “post-introductory computing courses” (i.e., beyond
the introductory level, see section 1.3 for definition). This report
skips the “GenAI is coming” introduction and instead points the
interested reader to the relevant citations for more background.

1.1 GenAI in Education
A recurring theme in the literature surrounding GenAI and educa-
tion is that instructors must “do something” to incorporate GenAI
into pedagogical practices. One suggestion is outright banning
GenAI’s use within the classroom as it can be an easily obtained
inhibitor of the learning process. Without much effort on the part of
the student, GenAI can be used to accomplish most typical student
assignments from primary school level up to undergraduate courses
in many academic disciplines [53], and assist with graduate level
research [66]. Additionally, GenAI can be used by instructors to cre-
ate assignments, assess and provide feedback on student work, and
potentially detect students who cheat on assignments by traditional
means.

As an example of how powerful GenAI has become, consider
“The AI Scientist”, a system developed by Sakana AI, which can
develop a research idea “into a full paper at a cost of approximately
$15”1. Note that Sakana AI is not offering The AI Scientist as a
service, and no review of its output is included here; however, the
relatively low cost for producing a paper with such ease indicates
that students could leverage GenAI services to complete their school
assignments with little student input and/or intervention, resulting
in reduced student learning. The authors did not test Sakana AI; on
the other hand, whole conferences have been conducted in which
the paper authors and ‘peer reviewers’ are AI [45].

The authors of this report do not weigh in on the debate on
banning GenAI in the classroom, except to say this: employers will
likely not be banning GenAI in the workplace, making proficiency
with GenAI a skill graduates will be expected to have soon, if not
already. This “new reality” should inspire instructors to wonder
what new learning experiences will prepare graduates for the new

1https://sakana.ai/ai-scientist/

reality, a workplace in which appropriate and efficient use of GenAI
is the norm.

1.2 Focus of this Report
This report is focused on assessing and coalescing the current state-
of-the-art for integration of GenAI within post-introductory com-
puting courses. That focus manifests in two forms: a systematic
literature review of peer-reviewed publications involving GenAI as
a pedagogical tool in these courses, and a survey of instructors of
these courses to determine how GenAI is leveraged in their courses.

1.3 Working Group Nomenclature
In an attempt to make this report easier to understand, a list of
terms used throughout the report is presented here:
Generative Artificial Intelligence (GenAI) - a class of artifi-

cial intelligence systems capable of generating new content,
such as prose, code, explanations, images, and other types
of content, based on patterns learned from training data.
These systems, which include tools such as ChatGPT, Gem-
ini, Microsoft Copilot, Claude, and others, leverage advanced
machine learning models to create outputs that resemble
human-produced content.

Large Language Model (LLM) - an AI system trained on large
text datasets to generate human-like language. LLMs are the
backbone of many GenAI tools used in education, enabling
applications such as automated feedback, content generation,
and language-based tutoring.

Introductory course - a course in which the course goal is for
students to build proficiency in writing computer programs.
The typical introductory course assumes the student has
little, or no, prior programming experience; typically set
in the 1st year of a degree program but could also occur in
primary or secondary school. Such courses are often referred
to as ‘CS0’ or ‘CS1’ [46].

Post-introductory course - a computing course that follows
a introductory computing course in a curriculum; includ-
ing CS2 (course content varies, but often includes sorting
algorithms and data structures [46]), algorithms, database
systems, operating systems, software engineering, theory of
computing, capstone, and many others.

Learning Objective (LO) - a statement of what students should
know at the completion of the course; similar to, but more
specific than a course goal; also known as ’Intended Learning
Outcomes (ILOs)’.

1.4 Working Group Scope
1.4.1 In Scope. The scope of this report is focused on the im-
pact of GenAI on student learning and learning activities in post-
introductory computing courses, and uses of GenAI by instructors
of these courses.

1.4.2 Out of Scope. While the list below is not comprehensive, it
helps define the boundary between what this report addresses and
does not address. These topics are not necessarily less important,
just not addressed in this report.

• Self-directed student use of AI (e.g., exam preparation)
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• Student perception of AI
• Use of AI to detect unauthorized student use of AI
• Introductory programming courses
• Non-computing courses
• Ethics of AI, including:
– Bias in GenAI models
– Copyright infringement / plagiarism
– Economic impacts
– Employment impacts
– Environmental impact
– Social impacts (e.g., digital / AI divide)

1.5 Report Organization
The remainder of this report is organized as follows:

Section 2 outlines the report’s goals and research questions.
Section 3 reviews related work, including prior studies on GenAI,

post-introductory computing, and existing literature reviews.
Section 4 describes the working group’s methodology, which com-

bines a systematic literature review with a survey of instruc-
tors teaching post-introductory computing courses.

Sections 5 and 6 present the method for, and results of, a system-
atic literature review on GenAI use in post-introductory
computing courses.

Sections 7 and 8 present the method for, and results of, an in-
structor survey on GenAI integration in post-introductory
computing courses.

Section 9 discusses the main findings, implications, limitations,
and recommendations.

Section 10 offers concluding remarks.

2 Working Group Goals
The main goals of this report are:

Establishing a reference standard for the current state of GenAI
use in post-introductory computing courses so that instruc-
tors of post-introductory computing courses, and programs
involving them, can determine appropriate GenAI incorpo-
ration.

Highlighting trends across different post-introductory comput-
ing courses and GenAI model incorporation.

Highlighting recommended areas for future research in peda-
gogically appropriate usage of GenAI models.

2.1 Research Questions
The following research questions guide the pursuit of the afore-
mentioned goals:

RQ1. What research literature exists on the integration of GenAI
into post-introductory computing courses in terms of sub-
jects and activities?

RQ2. How have instructors integrated GenAI into their post-
introductory computing courses?

RQ3.What are the higher-level trends on the use of GenAI within
post-introductory computing courses in terms of novel ac-
tivities, changes in assessment, skills development, usage
policies and learning objectives?

3 Background
This section presents an outline of previous publications address-
ing GenAI across the computing domain, publications concerning
interventions within post-introductory courses, and publications
detailing a literature review of either of these.

3.1 Generative AI and Computing Education
Many scholarly publications at the intersection of GenAI and com-
puting education report GenAI’s performance on assignments (i.e.,
ability to complete assignments) within computing courses: across
the curriculum [54, 78], introduction to programming (aka “CS1”)
courses [108, 125], computer engineering [104], computer graphics
[35], and discrete mathematics [91]. Often, the purpose of these
publications is to identify the strengths and weaknesses of the
AI tools students can use so instructors can design “AI-resistant”
assessments. Some research has been devoted to exploring AI to
detect the use of AI (i.e., cheating detection where student use of
AI is banned) [48].

Other research reports on students’ ‘relationships’ with GenAI,
such as students’ attitudes toward and perceptions of GenAI use [16,
44, 105] and howmuch students use GenAI [49]. Liu [70] conducted
a student and faculty survey in which they offered ethical guidance
for GenAI incorporation based on their responses.

As mentioned in Section 1.4.1, this report is focused on peda-
gogical integration of Generative AI within computing education
beyond introductory programming courses. So while the topics
mentioned above are interesting and important (especially students’
relationships with GenAI), they are out of scope for this report.

3.2 Prior Literature Reviews
Several literature reviews on the topic of ‘GenAI and computing
education’ have been published despite GenAI having being de-
veloped only a few years before this report. The closest of these
to this report is that of Raihan et al. [98] where they performed a
systematic literature review of large language models and comput-
ing education in general. Other literature reviews considered these
models within a general pedagogical context [2], teaching [15, 109],
and student learning [50].

Other literature reviews survey literature on GenAI use within
specific courses, for example: algorithms [69, 72], operating sys-
tems [32, 89], theory [27], and software engineering [107, 120].
Another survey on GenAI use in software engineering courses by
Damayanti et al. [28] found a subtheme of GenAI integration within
these courses, namely continually evolving curricular and policy
adaptation.

This report is novel and distinguished from the above surveys in
that (1) it is more recent and capturing more recent publications, (2)
the scope is different in that this report considers post-introductory
computing courses instead of all computing courses or a course-
specific subset, and (3) the literature review is juxtaposed with
results of a survey of computing instructors.

4 Working Group Methodology
The overarching methodology of this working group involves com-
bining a systematic literature review with a survey of instructors
teaching post-introductory computing courses. The initial literature
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review helps to identify some existing practices of incorporating
GenAI into courses. The consequent survey aims to shed further
light into existing practices that are not currently included in pub-
lished literature.

Comparing the themes found in a literature review to the themes
of a survey of computing instructors about their use of GenAI in
courses can benefit the overall purpose of this study in several ways.
The literature review provides a more systematic overview of exist-
ing studies and research-based initiatives in this domain. On the
other hand, the survey is less systematic, but provides information
on potentially unpublished, and potentially more current, teaching
practices of computing instructors, offering a first-hand account of
instructional decisions, trends, and patterns related to the use of
GenAI in computing courses.

The combination of these two perspectives enables a deeper,
more complete, and realistic understanding of what is happening
in computing education regarding GenAI integration. In addition,
the survey elicited input from computing instructors who have not
integrated GenAI into their courses, to explore their reasons for
not doing so and their potential plans for future integration. In
this way, the survey results can supplement the literature review
by revealing trends and barriers to GenAI adoption in computing
education. The details of the methodologies employed for each of
these input channels appear in their respective subsections.

5 Systematic Literature Review
The systematic literature review (SLR) aims to discover the current
research on pedagogical integration of GenAI in post-introductory
computing courses, addressing RQ1. As with the broader field
of CSEd, research tends to be dominated by introductory level
courses, for example: Becker and Quille [9], Luxton-Reilly et al.
[73], and Valentine [118]. Therefore, this literature review distin-
guishes between introductory and post-introductory level courses;
intentionally focusing on the latter. As stated before, the goal is
to describe how instructors are incorporating GenAI into their
teaching, and how students are engaging with the subject through
GenAI-related activities within an area that may be underrepre-
sented in the current literature.

5.1 Method
Inspiration for this report came from previous ITiCSE working
group reports for framing a SLR within computing education, in-
cluding: Prather et al.’s review of current trends in GenAI research,
teaching practices, and tools [95], and Clear et al.’s scoping re-
view and interview study on AI integration in the IT professional
workplace [21]. Additional inspiration came from Kitchenham’s
broader procedures for conducting systematic reviews in software
engineering [57].

The SLR workflow proceeded in four phases, outlined below and
depicted in Figure 1. A detailed description follows.
Phase 1: (a) development and (b) validation of search string
Phase 2: execution of the search on academic databases and filter-

ing by title, abstract and time frame
Phase 3: (a) categorization of papers and (b) application of inclu-

sion / exclusion criteria
Phase 4: reading full-texts and synthesizing paper contents

Develop Search String Validation Set (𝑛 = 36)

Validate Search String

Filter Results by Title
Abstract & Date (𝑛 = 1, 910)

Search Results, Full Text
(𝑛 = 41, 826)

Not Relevant to WG
(𝑛 = 1, 258)

Relevant to WG
(𝑛 = 652)

Post-introductory Subject
(𝑛 = 167)

Introductory Subject
(𝑛 = 218)

Other Relevance to WG
(𝑛 = 267)

Included
(𝑛 = 82)

Excluded/Duplicate
(𝑛 = 85)

Reading
(𝑛 = 82)

test refine

(1a) Search String & (1b) Validation

(2) Query Execution

(3a) Categorization of 1,910 Papers

(3b) Inclusion / Exclusion of 167 Papers

(4) Paper Reading

Figure 1: Workflow steps and result sets from systematic
literature review.

5.1.1 SLR Phase 1a: Search String Development: In the first
phase, the search string was iteratively developed. The initial search
string iterations were informed by prior work [21, 95, 98], each of
which presents a systematic literature review aiming to identify
GenAI scholarship within the computing education domain. These
studies include dedicated components in their search strings to
capture a broad range of GenAI-related terminology. Examining
the overlaps and variations among these formulations provided a
foundation for refining and strengthening our own query.

The main challenge was in capturing papers relevant to an un-
known set of post-introductory subjects (e.g., database systems,
operating systems, software engineering, etc.) in search results.

64



The Rest of the Robots: Generative AI in Post-introductory Computing Education ITiCSE-WGR 2025, June 27-July 2, 2025, Nijmegen, Netherlands

Various strategies were tried, including: (1) enumerating subjects
based on commonly accepted subject areas in CS (e.g., the ACM
CS 2023 Curricula [60]) – this resulted in unwieldy search strings
that challenged the database search engine interface limitations
(i.e., maximum of 50 terms); (2) using negation filters to isolate
post-introductory by excluding introductory level results – this
yielded results that did not comprehensively exclude introductory
computing.

Another search term tried, and later abandoned, was explicitly
targeting “CSEd” and closely related ways of stating our subject
area in the abstract. Through these iterations, it became apparent
that the papers sought did not commonly use “CSEd” as a term
in the abstract or paper keyword; however, the publication venue
could be used as an indicator of CSEd. Thus, the alternative strategy
adopted was to include a rich set of pedagogical aspects that tilted
the results towards various educational contexts, without needing
to specify or omit specific courses. This yielded the following search
string:

Subject Domain: "computer science" OR "computer engineering"
OR "software engineering" OR "computing education" OR
"cs education" OR "csed" OR "cse"

Generative-AI: "generative" OR "large language model" OR "large
language models" OR "llm" OR "llms" OR "gpt" OR "gpt-3"
OR "gpt-3.5" OR "gpt-4" OR "gpt-4o" OR "o1" OR "o3" OR
"chatgpt" OR "openai" OR "gemini" OR "bard" OR "claude" OR
"copilot" OR "llama" OR "mixtral" OR "deepseek" OR "codex"

Pedagogical Aspects: "education" OR "teaching" OR "pedagogy"
OR "student" OR "students" OR "learner" OR "learners" OR
"teacher" OR "teachers" OR "curriculum" OR "course" OR
"courses" OR "course design" OR "assignment" OR "home-
work" OR "project" OR "capstone" OR "coursework" OR "as-
sessment" OR "grading" OR "examination" OR "exam" OR
"learning outcome" OR "learning outcomes" OR "learning
objective" OR "learning objectives" OR "competence" OR
"competency" OR "competencies" OR "policy" OR "policies"

The resulting string is the following query, with scope restric-
tions for the search engines denoted square brackets:

Subject Domain [anywhere] AND Generative-AI [abstract]
AND Pedagogical Aspects [abstract]

The rationale for applying different scope restrictions is as fol-
lows. A broader scope was used for the Subject Domain com-
ponent to ensure that the captured papers were situated within
computing: although domain-relevant terms may not appear in
the abstract, they often surface elsewhere in the paper. In contrast,
a narrower scope was applied to the Generative-AI and Peda-
gogical Aspects components. This decision was informed by the
observation that papers relevant to these areas typically signal their
focus explicitly in the abstract, making a more restrictive search
both appropriate and effective.

Multiple digital libraries were compared for suitability and con-
sistency of executing the search string. Whilst we are aware of
the emerging popularity of arXiv, and comprehensive indexing of
Google Scholar, the decision was made to rely on the established
and trusted databases of ACM Digital Library and IEEE Xplore.

Table 1: Validation set paper by digital library and count with
percentage found by search string.

Library DOI Prefix Count Found

ACM Digital Library 10.1145/* 24 (22 of 24) 92%
IEEE Xplore 10.1109/* 8 (5 of 8) 62%

36 (27 of 36) 75%

5.1.2 SLR Phase 1b: Validation of the search string: Devel-
oping a validation set (also referred to as a quasi-gold standard or
a known-relevant corpus) provides an objective way to assess the
sensitivity of a search strategy. In computing-education research,
where relevant work is dispersed across computer science, educa-
tion, learning sciences, and engineering venues, the total population
of relevant studies is never fully knowable. The validation set there-
fore serves as a proxy benchmark for determining how effectively
the automated search retrieves known-relevant work [63, 126]. Be-
cause comprehensiveness is essential to avoid systematic omission
of relevant studies, the validation process focuses primarily on
maximizing search sensitivity before optimizing precision.

To construct the validation set, the team identified a group of
papers expected to be found by the search. The initial list was
compiled collaboratively by the research team, drawing on prior
familiarity with the field and a preliminary scan of influential pub-
lication venues (e.g., SIGCSE TS, ITiCSE, ICER, and ACM TOCE).
The list of papers identified by the team was augmented with the
relevant post-introductory papers found in [98], a recent SLR on
a related theme. As the plan was to query only the ACM DL and
IEEE Xplore, the validation set was filtered by the respective DOI
prefixes for those two libraries, resulting in a final set of 36 papers.

The resulting collection functioned as a validation set against
which to test the performance of the automated search. After each
iteration of search-string refinement, the percentage of validation
papers found by the query was computed. When retrieval fell below
the predefined threshold (70% of validation papers2), the search
terms, Boolean structure, or database coverage were expanded
accordingly. This iterative process ensured the final search con-
figuration could reliably recover key studies across the diverse
publication venues and terminological variations characteristic of
computing-education research.

Table 1 shows the performance of the search string against
the validation set; despite the difference in return rates (92% for
ACM DL and 62% for IEEE Xplore), the overall success of 75%
surpassed the criterion (i.e., 70%) for acceptable query performance.
The validation set is included in Appendix A as a list of titles for
reference to either replicate this work or provide a starting point
for future research.

5.1.3 SLR Phase 2: Query Execution: Conducting a full-text
search with the search string identified over 41,000 papers. The

2It was observed that papers that should have been included due to their fulltext would
never have been matched with any search string tweaking, thus it was decided to
settle on 70% as a fair threshold.
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Table 2: Summary of paper sets by category.

Category Count

Search String applied to Anywhere 41826
Search String filtered by Title and Abstract 1910
Not Relevant to WG 1258
Relevant to WG 652
— Other Relevance to WG 267
— Introductory 218
— Post-introductory 167

— Excluded / Duplicate 85
— Included 82

decision was made to proceed with the subset of 1,910 papers iden-
tified by restricting search fields to title and abstract, and within
the time period from January 2022 to June 2025.

5.1.4 SLR Phase 3: Categorization: Each WG member ran-
domly chose a subset of the 1,910 papers, and judged them based
on the title and abstract if the paper was:
Not Relevant for WG – False positive results to be discarded.
Other Relevance for WG – Interesting works, such as other lit-

erature reviews, policy, vision and so on that might form
important background material.

Lower-level computing – Focus on introductory/CS1/CS0 level
course.

Post-introductory computing – Focus on course recognized to
follow the introductory course.

After this initial pass, WG members made a second judgment to
verify if the introductory and post-introductory papers were as such.
In cases of of disagreement WG leaders resolved the disagreement
by taking a closer look at the paper and providing a final decision
with rationale for transparency of decisionmaking amongmembers.
Table 2 shows the final counts for each of these paper sets.

5.1.5 SLRPhase 4: Reading Full Texts: As the post-introductory
set had arrived at a tractable size for the WG members to read, the
decision was made to advance to full reading of papers and strict
application of the following inclusion and exclusion criteria:

Inclusion Criteria:
IC1: Paper targets post-introductory subject(s)
IC2: Paper explores the use of generative AI within the subject
IC3: Paper explores the use of generative AI by students, teaching

assistants, or instructors
Exclusion Criteria:
EC1: Paper not about generative AI
EC2: Paper not in computing education domain
EC3: Paper only targets introductory subjects (e.g. CS1/CS0/K12)
EC4: Paper only focused on using GenAI to generate course mate-

rial in a generic/non-novel way
EC5: Not a research article (e.g. books, blogs, presentations, panels,

abstracts etc)
EC6: Less than 4 pages single column, 3 pages double column
EC7: Published before 2022

Table 3: Count and distribution of GenAI studies by subject
from post-introductory literature.

Subject # Distribution

Software Engineering 30
Databases 10
Human Computer Interaction 10
Algorithms and Data Structures 8
Data Science and Visualization 5
Object-oriented Programming 5
Security 4
Machine Learning 3
Networks 2
Theoretical Computer Science 2
Distributed Systems 1
Operating Systems 1
Web Development 1

EC8: Language is not English
EC9: Publication not within an ACM or IEEE-sponsored venue

For papers identified as other relevance or not relevant, an auto-
mated sanity check was applied3 to label as relevant or not relevant
and why; papers detected as being relevant to post-introductory
or introductory level were checked manually by WG leaders and
moved to the appropriate result set.

As a final note, the set of introductory level papers (𝑛 = 218)
are included as a list of DOIs in appendix B. Whilst these papers
were not used as input for this report, they are listed here for the
community to serve as a starting point for an introductory level
review, or as a source for papers to validate future reviews.

6 Results from the Literature
The results of the SLR are organized into four parts in the following
sections.

• Sec 6.1 a high-level summary of GenAI use as found in the
literature, grouped by subject

• Sec 6.2 a general taxonomy of aspects of GenAI use that
emerged from analyzing activities across all subjects

• Sec 6.3 integrated findings that compare how the aspects of
activities varies between subjects

• Sec 6.4 a detailed, subject-by-subject analysis of GenAI use

6.1 Summary of GenAI Activities by Subject
Working group members first organized included papers into sub-
ject clusters using common computing courses. Then, sub groups
focused on each cluster, correcting any misallocation if discovered
on the second pass. Table 3 summarizes the distribution of GenAI
use across subjects in post-introductory courses. Software engineer-
ing accounts for the largest share (𝑛 = 30), followed by database
systems (𝑛 = 10), human–computer interaction (𝑛 = 10), algorithms
and data structures (𝑛 = 8), data science and visualization (𝑛 = 5),
and object-oriented programming (𝑛 = 5). Smaller numbers are
reported in security (𝑛 = 4), machine learning (𝑛 = 3), networks
3See: https://github.com/rjglasse/iticse-2025-wg2
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(𝑛 = 2), and theoretical computer science (𝑛 = 2), with distributed
systems, operating systems, and web development, each appearing
once (𝑛 = 1).

6.2 Taxonomy of GenAI Use in Activities
During the analysis of the literature, recurring aspects of GenAI use
emerged across subject specific activities. These activities ranged
from simple, single-aspect instances to complex, multi-aspect uses.
To enable comparison of GenAI use between subjects and to identify
potential areas for further exploration, the following taxonomy of
aspects was developed:
Generate — Creating new artifacts, outputs, or ideas using avail-

able tools or resources with GenAI.
Interpret — Making sense of information, artifacts, or situations

to extract meaning or understanding with GenAI.
Evaluate — Assessing the quality, accuracy, or suitability of an

artifact, idea, or process generated by GenAI.
Get Feedback — Receiving a review, assessment or feedback from

GenAI upon one’s own work.
Refine — Iteratively improving or modifying an existing or gen-

erated artifact, idea or process based on feedback or new
insights from GenAI.

Brainstorm — Supporting and inspiring ideas and approaches
towards a problem or objective using GenAI.

Design — Planning and structuring a solution, process, or system
to meet identified goals or needs.

Simulate — Emulating scenarios and experiences for exploration,
practice, or testing using GenAI as facilitator.

Reflect — Reflecting upon the higher-level implications of GenAI
use within the subject.

6.3 Analysis of GenAI Use by Subject

Table 4: Percentage of GenAI aspects across all activities.

Aspect of GenAI Use % Distribution

Generate 33
Evaluate 17
Interpret 16
Refine 9
Get Feedback 7
Reflect 7
Brainstorm 4
Simulate 4
Design 2

To establish an overall picture of emerging usage patterns, Ta-
ble 4 presents a summary of aspects of GenAI use across all subject
areas, aggregated into percentages based on the taxonomy defined
in the previous section. This provides a high-level view of which
aspects are most frequently observed in the literature.

To add disciplinary context, these counts are broken down by sub-
ject area. Figure 2 visualizes this breakdown as a heatmap, illustrat-
ing how the prominence of specific aspects varies across subjects.
Across subjects, the most common use of GenAI was to generate

artifacts, withGenerate activities dominating in nearly all areas, par-
ticularly in Software Engineering, Databases, Human–Computer
Interaction, Object-Oriented Programming, Machine Learning, and
Theoretical Computer Science. By contrast, Evaluate and Interpret
appeared as secondary but widely distributed practices, varying
in strength depending on the subject. More iterative and creative
forms of use, such as Refine, Get Feedback, Brainstorm, Simulate,
and Design, were comparatively rare and appeared only in specific
contexts. This suggests that while GenAI is broadly adopted as a
tool for production, its potential for supporting feedback, reflec-
tion, and creative iteration remains underutilized outside a few
design-oriented disciplines. However, these percentages are heavily
influenced by the amount of studies found per subject, which must
be kept in mind.

Having established both the aggregate and subject-specific pat-
terns of GenAI use, the following sections examine each subject
area in more detail. This closer analysis is supported by a series
of tables summarizing common activity types within each subject,
described using the taxonomy of GenAI use.

6.4 Software Engineering
There are 30 papers in our result set that focus on Software En-
gineering (SE). Of these, 25 report on students’ use of GenAI to
complete course tasks. In most cases, instructors explicitly required
students to use GenAI in addition to performing the task manu-
ally. Three papers describe instructors’ use of GenAI to evaluate
its appropriateness for coursework. Another three papers report
where both students and instructors engaged with GenAI tools. A
summary of these activities and their GenAI aspects is provided in
Table 5.

Due to the relatively large number of software engineering (SE)
papers, they were grouped into six specific topics areas: require-
ments engineering, software design and modeling, software devel-
opment and engineering in general, software testing and quality
assurance, project management, and software capstone, and team
project courses. The following sections describe the findings for
each SE topic group, highlighting both positive and negative expe-
riences of using GenAI. The distribution of papers across these six
groups is shown in Table 6.

6.4.1 Requirements Engineering. Four papers in our sample re-
port experiences of using GenAI in courses related to Requirements
Engineering. In these studies, students used GenAI to

• Generate or refine user stories [13, 100]
• Identify inconsistencies in natural language (NL) require-
ments [33]

• Trace requirements to their sources [23]

In three of these papers [13, 23, 33], the same tasks were also
performed manually, allowing for a comparison between GenAI
and human results. In a fourth paper, the user stories produced
with the support of ChatGPT and other LLMs were reviewed by
experts to assess their quality.

For inconsistency detection in requirements [33] and require-
ments traceability [23], ChatGPT did not outperformhumans.When
generating or improving user stories, the use of ChatGPT and other
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Figure 2: Heatmap of GenAI Aspects from activities occurring across different subjects, normalized by percentage.

LLMs by students generally resulted in higher-quality user sto-
ries [13, 100]. However, in one case, ChatGPT struggled with pro-
ducing independent user stories, as it sometimes failed to identify
and group related user feedback comments, which served as the
input [13].

ChatGPT 3.5 was used in three requirements engineering pa-
pers [13, 23, 33], while one study also included ChatGPT 4.0, which
showed comparatively better results [23]. A majority of students
in one course expressed satisfaction with the quality of ChatGPT’s
responses for generating user stories [100]. Upon reflection, tudents
reported that ChatGPT enhanced their problem-solving skills and
supported their preparation for real-world software development.

Across multiple studies in requirements engineering, the authors
recommend using GenAI as a supplementary aid for students and
instructors, rather than as a replacement for tutor support [23, 33].

6.4.2 Software Modeling and Design. Five papers [5, 26, 29,
38, 121] explored the use of GenAI tools in software modeling
and design courses. Four of these focused specifically on creating
UML diagrams. Several studies adopted the diagram generation
tool PlantUML4 as a way to produce visual output from GenAI,
leveraging its text-based input to render AI-supported modeling [5,
26, 121]. In these contexts, students used GenAI to generate initial
drafts of UML class, use case, or sequence diagrams, often as part
of formative or exploratory modeling tasks [5, 26, 29, 121].

While the generated outputs were generally syntactically correct
and pragmatically useful, the authors consistently noted semantic
shortcomings, including incorrect relationships, misused multiplici-
ties, and inconsistent naming [26, 29]. Both students and instructors
emphasized the importance of revising and critically reflecting on
LLM-generated diagrams, which served not as final solutions but
as scaffolds for deeper learning and model refinement. The educa-
tional value of this approach lies in its ability to promote iterative
modeling, encourage meta-cognitive engagement, and strengthen

4https://plantuml.com/

students’ understanding of modeling semantics through active cor-
rection and refinement.

Another reported use of GenAI for software design came from a
course on enterprise design patterns [38]. Here, students engaged
in structured prompting tasks with ChatGPT to explore selected
patterns and reflect on their understanding. They were tasked with
generating meaningful prompts, evaluating responses, and docu-
menting their learning in experience reports and exam questions.
Although students initially struggled to formulate higher-order
prompts, this interaction fostered deeper engagement with design
concepts and highlighted the pedagogical value of guided prompt-
ing. Overall, ChatGPT was considered helpful in scaffolding con-
ceptual understanding but less capable of providing nuanced or
contextually precise insights without structured support. These
findings suggest that while LLMs can facilitate access to design
knowledge, they are most effective when embedded within struc-
tured, reflective learning activities.

6.4.3 Software Development and Engineering. Seven papers
describe GenAI interventions within courses referred to as software
engineering or software development [11, 22, 39, 42, 79, 111, 122].
Some papers related to software development focused on altering
the approach to [22], or content of, the assessment [39]. The others
focused on learning and teaching interventions.

Some interventions focused on a specific software engineering
activity (e.g., refactoring [79]), or a particular context (e.g., working
with large code bases [111]). It can be challenging for students to
fully appreciate and understand the relevance of this type of activity
before they experience it in the workplace, where GenAI tools can
be beneficial. In [79], students refactored code with and without
GenAI to critically assess its suggestions. This approach fostered
skills such as abstraction, problem formulation, and decomposition.

In multiple studies the motivation for the inclusion of GenAI
tools was to provide authentic learning for post-introductory stu-
dents to prepare them for the types of task they may encounter in
the workplace [22, 42, 111, 122]. Clift and Petrovska [22] emphasize
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Table 5: GenAI activities found in SE literature.

GenAI Use Illustrative Activities #

Generate Generate code (capstone/solo projects); Generate
tests/unit tests; Generate UML diagrams/class di-
agrams; Generate user stories; Create documen-
tation, exercises, project artifacts; Support agile
process (e.g., user stories + code suggestions)

17

Instructor: Create intentionally inconsistent re-
quirements; Generate UML diagrams; Generate
requirements from interview transcripts

Evaluate Compare algorithm creation effectiveness; Eval-
uate generated testing materials; Evaluate incon-
sistent requirements; Judge quality of LLM test/-
mocking suggestions

7

Instructor: Evaluate generated UML diagrams;
Evaluate students’ planning poker estimates;
Evaluate generated requirements from interview
transcripts

Refine Refine project backlog; Improve project manage-
ment artifacts; Perform and improve code refac-
toring; Improve UML class diagrams; Refine user
stories; Improve weekly stand-up reports

7

Interpret Understand and navigate large code bases; Use
for code comprehension; Learn about design pat-
terns; Identify refactoring opportunities; Under-
stand testing concepts; Use of knowledge assis-
tant in capstone projects

6

Get Feedback Receive feedback on UML/software models; Get
feedback on design/code; Determine quality of
code reviews; Generate code reviews

4

Reflect Reflect upon GenAI use in projects (e.g., software
dev, escape room); Reflect upon generated code
reviews

3

Simulate Interact with simulated team roles; Simulate
team member in poker planning; Use GenAI as
assistant in scrum process

3

Brainstorm Clarify problems in finite statemachinemodeling 1

Design Support GUI design 1

Table 6: Breakdown of the Software Engineering cluster.

Software Engineering Topic #

Software Development and Engineering in General 7
Software Testing and Quality Assurance 6
Project Management 5
Software Design and Modeling 5
Requirements Engineering 4
Team and Capstone Project 3

the importance of preparing learners for technologies currently
used in the SE industry by integrating GenAI technologies into the
curriculum. Their students agreed their experience of working with
GenAI would be valuable for their future careers.

Wang et al. [122] noted that “the complex concepts and interac-
tive team activities involved in the SDLC pose significant challenges
for students to learn and instructors to teach at scale”. They created
GenAI agents with personas representing roles from a software
development team. Students could seek guidance, practice skills,
ask questions, and receive real-time feedback from the agents. They
can gain practical insights into how each decision and action influ-
ences the overall software development process. Use of GenAI here
efficiently supports large-scale student learning.

Clift and Petrovska [22] and Borghoff et al. [11] gave learners
free choice to use GenAI tools as they wished while working on a
software development project. This allowed students to decide “if,
when and how useful GenAI would be in a development situation.”
Clift and Petrovska [22] noted a positive trend between learners
being given freedom to explore GenAI tools usage and student
enjoyment and project quality.

Gorson Benario et al. [42] discussed the changes to the course
objectives of a Software Development course to reflect updated
software engineering practices which may now utilize GenAI tools.
Prior to formal instruction as to how GenAI tools can support SE
activities, students reported their most frequent use of GenAI tools
was for learning new concepts. After receiving training through-
out the semester, the authors found the students were more likely
to understand, and actively engage with, the code outputs of the
GenAI tools. The students reported the experience with GenAI
tools was positive and assisted their development of programming
and problem solving skills [42].

Use of DevCoach for Simulating Development Team Roles
(Direct Quote from Wang et al. [122])

“When the user lands on the “Plan and Design” phase page, they
would have a chat interface with a text box at the bottom where
they could type their messages, and the area above it would display
the history of messages.
The Team Lead greets the user and starts the design discussion
for a movie database and review system. The relevant persona
would provide the appropriate response depending on the user’s
message. For example, if the user asks, “What are the functional
requirements for the project?”, then the Product Manager would re-
spond as they are responsible for any discussion related to project
requirements, user experience, market needs, and business objec-
tives.
Meanwhile, if a user asks about which programming language to
use, the Senior Developer would respond as they are responsible
for technical specifications, system design, data modeling, and
technical feasibility of proposed features.
The Team Lead would respond to messages concerning project
timelines, resource allocation, team coordination, and adherence
to technical standards and best practices.
After discussion with the generative agents, the phase is deemed
complete once the user comes up with a clear set of user stories of
functional and nonfunctional requirements".
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One study [39] involved students learning how to integrate large
language models (LLMs) into a software system. Students were
provided with a Java-based API that connects with OpenAI’s GPT
model. Students learned to manage LLM API calls, and how to
construct effective LLM prompts to create ‘intelligent and user-
friendly applications’. The students were provided with simple
starter code, allowing them creativity in extending the application.
The authors were impressed with several ambitious applications
developed by students with limited prior programming experience.
Key themes noted in the student feedback include: engagement and
enjoyment, creative freedom and autonomy, and challenges related
to learning new concepts and technologies. The students reported
that “they appreciated the opportunity to work with cutting-edge
AI technologies while reinforcing their programming skills".

6.4.4 Software Testing and Quality Assurance. Six papers re-
port GenAI interventions within software testing courses: [24, 43,
55, 71, 80, 117]. Students were the users of GenAI in this cluster
except in Crandall et al. [24]. Most used a ChatGPT model, either
3.5 or 4; one used Bard-AI [117]. Crandall et al. [24] employed their
own GPT-based system integrated into a custom Automatic Review
Tool (ART). All papers were experience or evaluation-related inter-
ventions. Only two papers had explicit GenAI learning outcomes
[43, 117]. The interventions had similar themes:

• Generating software testing artifacts more easily [43, 117]
• Assisting with software testing practices, such as debugging
[71, 80] and code review [24, 55]

• Verifying the output software testing artifacts of GenAI mod-
els manually [43]

None of the authors of these papers report a change in the struc-
ture of the software testing course. Overall, the effectiveness and
perception from students in these studies were mixed. In all cases
the authors reported positive student responses of how the GenAI
model was able to solve “basic” problems related to software testing,
such as basic test generation, and how it can speed up existing tasks.
Generally, the authors also reported negative student responses
about how the models were not able to handle corner cases and
more “formal” concepts such as finite state processes. Mezzaro et al.
[80] reported decreased performance with GenAI usage.

6.4.5 ProjectManagement. Five papers report GenAI use Project
Management courses, including one integrating GenAI into learn-
ing activities [12] and three that use GenAI for assessments [59, 82,
88]. Key areas of focus include:

• Agile methodology, particularly Scrum, [12, 88]
• Project management practices [59]
• Planning poker estimation [81, 82]

These papers mainly aim at enhancing students’ understanding and
engagement in the subject matter while improving overall learning
outcomes.

A recent study shows the effective integration of twoGenAI tools,
ChatGPT and Bard, within educational workshops [12]. These work-
shops leverage instructor-guided prompt interactions to convey key
concepts of agile methodology, with a specific focus on the Scrum
framework. In two courses, students used GenAI in their assess-
ments to generate project management artifacts and apply project
management practices in the development of applications [59, 88].

Notably, the instructors in one course restricted the use of GenAI to
generating unit tests to prevent students from over-relying on the
tool [88]. Furthermore, another prominent application of GenAI
integration is its use in planning poker estimation, a technique
used in agile planning and estimation processes. GenAI has been
integrated as a learning tool for students [82] and as a means to
assess the effectiveness of leveraging GenAI in evaluating student
contributions during planning poker sessions [81].

The integration of GenAI in project management courses has
been shown to positively impact students’ learning and motiva-
tion levels. Research highlights that the incorporation of GenAI in
projects management courses enhances students’ comprehension
of complex concepts: 97% of students reported an improvement
in their understanding of essential concepts, such as the Scrum
framework, when GenAI was included in their workshop lessons
[12]. Additionally, 81.8% of participants indicated that allowing un-
restricted access to GenAI throughout most of the course facilitated
their learning process [88]. Other positive impacts identified include
enhanced student motivation in utilizing the tool [59, 88], increased
engagement with the content [12, 82], improved efficiency in task
execution [82, 88], as well as advancements in problem-solving [82]
and critical thinking skills [88]. Additionally, the papers also report
a notable improvement in teamwork and collaboration [82, 88].
While students recognized GenAI as a valuable educational sup-
plementary tool, they also highlighted the essential role of human
instructors [12].

6.4.6 Software Capstone and Team Projects. Three studies
explored the integration of GenAI tools in capstone and team-based
software engineering projects, examining their role in improving
productivity, communication, and learning outcomes [85, 86, 102].
Collectively, these studies show that GenAI can support student
teams, particularly in early development phases and for routine
communication and reflection tasks.

Rasnayaka et al. [102] conducted a semester-long project course
in which students were encouraged to use GenAI tools such as
ChatGPT and GitHub Copilot to assist with code generation, debug-
ging, and algorithm design. The analysis of the annotated code and
the students’ prompts showed that GenAI usage was most frequent
at the beginning of the project, supporting early scaffolding. More
experienced students used GenAI more effectively, highlighting the
need for foundational coding and prompting skills.

Neyem et al. [86] presented an AI knowledge assistant tool uti-
lized in a capstone project course integrated into a Kanban project
management system. This tool features a chatbot that allows stu-
dents to inquire about course assignments, project guidance, and
documentation. It retrieves recommendations from a local repos-
itory of lessons learned and utilizes queries as contextual infor-
mation in prompts for GPT-4 and LLaMa. Additionally, the tool
searches Stack Overflow for further recommendations. Feedback
indicated that students favoured recommendations from LLMs over
those from the local repository, while they found the external Stack
Overflow recommendations less beneficial. Overall, students re-
ported a positive experience using the tool.

6.4.7 Positive Sentiments. A positive theme across the six topics
of SE is the supporting and scaffolding role of GenAI. In require-
ments engineering, studies reported that students using GenAI
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to generate or improve user stories produced outputs that were
generally better than manual attempts, with students expressing
satisfaction with the quality of generated user stories [13, 100]. In
modeling and design courses, GenAIwas helpful in producing drafts
of UML diagrams as starting points for students to further reflect
and refine them to improve their modeling practices [5, 26, 121].

In software development courses, students valued GenAI for
its ability to prepare them for future careers. For example, code
refactoring tasks with GenAI support helped foster computational
thinking skills [79], role-based GenAI agents allowed students to
practice communication and decision-making throughout the soft-
ware development lifecycle [122], and GenAI tools helped students
develop their programming and problem solving skills [42]. In test-
ing and quality assurance courses, students reported that GenAI
tools were able to solve basic testing problems, such as generat-
ing simple tests, which saved time and reduced repetitive work
[43, 117].

In project management courses, GenAI was found to be useful in
improving students’ understanding of Scrum [12]. GenAI also had
a positive impact on students’ motivation, engagement, teamwork,
and collaboration, with several students noting that unrestricted
access to GenAI supported their learning process [82, 88]. Finally, in
capstone and team project courses, GenAI tools provided valuable
early scaffolding in activities such as code generation and debug-
ging [102]. The students in another project course benefited from
the integration of an AI knowledge assistant into the project man-
agement system, finding AI recommendations more helpful than
other sources [86].

6.4.8 Negative Sentiments. Despite the aforementioned positive
sentiments, some concerns have also been shared in the reviewed
literature about the effectiveness of GenAI in software engineering
courses. A recurring theme is that GenAI struggles with advanced
or nuanced tasks.

In requirements engineering, ChatGPT was not better than hu-
mans at detecting inconsistencies in requirements or tracing them
to their sources [23, 33]. When generating user stories, it sometimes
failed to produce independent user stories [13]. In modeling and
design courses, although the draft UML diagrams were useful, they
frequently suffered from semantic errors, such as incorrect relation-
ships, misused multiplicities, and naming inconsistencies [26, 29].
In testing and quality assurance courses, while GenAI could handle
routine cases, students reported that it failed with corner cases and
more formal testing concepts, such as finite-state processes [71, 80].

6.5 Databases
Ten papers report GenAI interventions within database courses.
Across these ten papers, instructors identified several critical ar-
eas where incorporating LLMs into database systems instruction.
Table 7 summarizes the GenAI activities and aspects of this cluster.

6.5.1 Assessments Integration: One of the most common ways
GenAI tools were used in database courses was to assist students
with various assessments.

In one study, students interacted with a custom GenAI tool sim-
ulating a client persona. The persona was knowledgeable about
user stories but lacked understanding of the database specifications.

Table 7: GenAI activities found in Database literature.

GenAI Use Illustrative Activities #

Generate Generate queries; Force incorrect SQL solu-
tions; Generate visual step-throughs with query
explanations; Generate personalized database
schemas; Use GenAI to complete assignments;
Summarize and generate report on deadlock sce-
narios; Generate practice questions based on lec-
ture content; Generate synthetic data to populate
the database; Assist in writing queries

11

Instructor: Automatic generating database
schemas and SQL questions; Generate pop
quizzes

Interpret Explore prepared database schemas; Implicit
Query Execution with GenAI interface; Use
GenAI to understand assignments; Analyze and
discuss provided deadlock scenarios; Use to an-
swer questions during lectures

5

Reflect Reflect on generated outputs vs. student solu-
tions; Guide self-reflection by affirming under-
standing and prompting thought; Reflect on use
of LLMs for assignments; Assess the effective-
ness of ChatGPT in facilitating database tasks

4

Evaluate Analyze incorrect SQL solutions 1

Get Feedback Provide feedback on Enhanced Entity Relation-
ship Diagrams (EERs)

1

Design Devise the SQL schema 1

Refine Improve Entity Relation (ER) diagrams 1

The positive outcome of using this tool was that students produced
high-quality ER diagrams, demonstrating the tool’s effectiveness
in enhancing their engagement and comprehension [3].

Most of the studies focus on incorporating GenAI access into
assessments, either in completely [34, 61, 62, 65, 103], or in specific
parts of the assessment [101]. These studies emphasize assessing
various concepts, including the creation of SQL tasks and reflections
on them [34, 62, 65], as well as theoretical database concepts related
to deadlocks and transactions [61, 101, 103]. All these studies also
indicate moderate to positive feedback in their integration into the
assessments.

Another study focused on offering detailed feedback to students
regarding the design of Enhanced Entity Relationship Diagrams
(EERs). The research involved modifying the AI system to provide
targeted feedback on individual relationships, ensuring the feedback
more closely alignedwith instructors’ expectations [103]. The result
notes that 84% of participants reported the feedback was beneficial
in refining their contextual diagrams.

6.5.2 Chatbots: A couple of studies focus on chatbots. One pro-
poses a framework for successfully implementing chatbots in data-
base courses [92], while the other involves using a chatbot to answer
questions during lectures and generate practice questions based on
the content covered in those lectures [84]. The latter study had a
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favorable acceptance rate among students with positive sentiments
as well.

6.5.3 Generation ofQuestions: Only one of the ten papers in
this cluster focuses on instructors. This study aimed to analyze the
impact of GenAI models, particularly ChatGPT-3.5, by identifying
effective prompts to determine whether it can generate database
schemas and SQL questions for instructors [1].

6.5.4 Positive Sentiments: Most studies report positive senti-
ments regarding the integration of GenAI in database courses.
When personas were used, students engaged in critical discussions
and sought information rather than relying on GenAI for quick
solutions [3]. Students were asked to critically assess ChatGPT’s
outputs in one study; 70% of respondents reported it provided clear
and constructive feedback [34]. All 58 students who participated in
the activity passed the final exam, contrasting sharply with only
31% of those who did not participate. This outcome indicates a
positive correlation between the engagement activity and exam
success. This aligns with another study showing that students who
participated in a reflective assessment based on a language model
performed better on a proctored exam two weeks later compared
to those who only reviewed lecture slides [62].

Another related study reports a positive impact of continuous en-
gagement with LLMs during homework exercises. A comparison of
homework scores showed that students who used problem-solving
strategies independently performed worse than those who engaged
continuously with LLM assistance; suggesting that independent
problem-solving may be less effective for homework performance
[61].

In the context of generating SQL tasks for assessments, students
found ChatGPT particularly helpful for creating sample data to
populate database tables [65]. When chatbots were customized to
address specific lecture questions and ignore irrelevant topics, it
resulted in a positive reception [84].

6.5.5 Negative Sentiments: Some negative perceptions were
observed in the studies. While students viewed the chatbot as a
tool that enhanced their educational journey, they still preferred
human tutors. There were some accuracy issues in the chatbot’s ex-
planations, which sometimes differed from the provided notes [84].
In assessments, students noted that the chatbot’s effectiveness di-
minished when it came to more complex tasks, such as designing
database schemas and formulating difficult SQL queries [65]. Al-
though ChatGPT can help reduce exam preparation time, some
instructors remain skeptical about using large language models
(LLMs) due to the need for verification [1]. In the study where
GenAI was allowed partially in one of the tasks, findings indicated
that students performed better on those tasks but faced challenges
in other areas of the assignment and the overall course. In contrast,
students who abstained from GenAI tools engaged more actively
with the discussion board content and participated more than their
peers who used ChatGPT. These findings suggest that unsuper-
vised use of GenAI may not effectively enhance skill development
or material comprehension and could reduce engagement [101].

6.6 Human Computer Interaction
Ten papers report GenAI interventions within human-computer in-
teraction (HCI) courses. The interventions used across these courses
were generally targeted toward students (seven of the nine papers),
though there were instances of instructors using GenAI tools as
well. The interventions broadly assisted with handling three core el-
ements of HCI: user personas, creating designs and prototypes, and
feedback on the design. Table 8 summarizes the GenAI activities
and aspects of this cluster.

Table 8: GenAI activities found in HCI literature.

GenAI Use Illustrative Activities #

Generate Generate scenarios; Generate persona, avatar and
knowledge graph; Generate images for mood
board; Generate visual tangible design; Generate
storyboard

9

Instructor: Generate application mockups using
Uizard

Get Feedback Get feedback on design concept; Get feedback on
usability issues of web interface; Get feedback on
improvements for web interface

3

Simulate Simulate user interviews; Simulate cognitive walk-
through of web interface

3

Instructor: Simulate user interviews

Evaluate Evaluate generated persona, avatar and knowl-
edge graph; Evaluate generated persona

2

Brainstorm Brainstorm many possible design options; Brain-
writing project proposal

2

Design Iterate on design concept viability 1

Interpret Explore market and user research 1

Refine Refine generated personas 1

Reflect Reflect on using GenAI in the design process 1

6.6.1 Generating User Personas and Simulating Interviews.
Several courses encouraged students to use GenAI to create user
personas (fictional representations of potential users of a tool being
designed) [8, 40, 110, 124, 127]. Many of these involved simulating
user interviews through chat-based LLM tools [8, 40, 124, 127]. One
study highlights the ability of LLMs to facilitate more data-driven
persona creation with a course activity in which students use LLMs
to generate user personas using survey data [127]. While students
generally found it helpful for generating user personas, many noted
that it seemed to offer repetitive and sometimes stereotypical per-
sonas [8, 40, 124, 127], echoing issues of “regression to the mean"
heard across various fields’ comments on GenAI usage.

6.6.2 Creating Designs and Prototypes. GenAI supported ac-
tivities across a variety of phases of the design process, including
brainstorming, storyboarding, and creating prototypes [37, 106,
110, 124]. Students found it helpful, noting that it extended their
creative abilities and improved design outcomes in general [110],
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though sometimes noted challenges with accuracy. From a teach-
ing perspective, GenAI was effectively employed to automate the
development of teaching materials, such as app mockups, which sig-
nificantly enhanced instructional efficiency and allowed instructors
to focus more on content planning and guidance [47]. Instructors
interested in adopting GenAI for HCI stress the importance of em-
phasizing ethical concerns to students as they use GenAI for design,
and the need for dialog with students along the way in order to
navigate the balance between freedom and guidance in their use of
GenAI [37, 116].

6.6.3 Feedback on Designs. Across various educational settings,
GenAI tools were integrated into multiple stages of the design pro-
cess and learning activities, supporting ideation, interface evalua-
tion, visual design, and the creation of instructional materials. In
fictional field studies and cognitive walkthroughs of a tool, GenAI
provided helpful feedback, noting potential usability issues, and
introduced new perspectives [10, 106]; however, its responses were
often overly positive and lacked critical depth, limiting its effective-
ness in challenging student assumptions or simulating realistic user
interactions [106]. During interface evaluations, students appreci-
ated the tool’s usability and the quality of its feedback; although
it had difficulty identifying visual or aesthetic issues, such as poor
layout or color contrast, that human evaluators readily noticed [10].

6.6.4 StudentReflections onGenAIUsage. In someHCI courses,
students were required to reflect on their process. Reflections asked
students questions about their experiences with using GenAI for
the various parts of the design process, and how it helped or hin-
dered [40, 110]. One included a more structured reflection with
both Likert and open ended portions [40]:

Persona Construction Questions (Direct Quote from [40])

• Using GPT-3 contributed to making the persona information
more consistent.

• Using GPT-3 contributed information to the persona that helped
me better understand the people it describes.

• The persona I created with GPT-3 would further improve my
ability to make decisions about the user group it describes.

• Using GPT-3 contributed to the persona seeming more like a
real person.

• Using GPT-3 contributed to presenting the persona information
in a clear manner.

• Using GPT-3 made me feel like I understood the persona more.
• In what ways did GPT-3 help the construction of your persona?
• In what ways did GPT-3 hinder the construction of your per-
sona?

• Do you have any thoughts or concerns about the use of GPT-3
for generating personas as part of the UX design process?

As reflection on design process is a usual component of many
HCI courses, some courses had reflection components that did not
explicitly ask about GenAI but aimed to capture student sentiments
toward a GenAI-integrated design process [37, 106].

6.6.5 Positive Sentiments: Helpful for improving efficiency
and ideation. GenAI integration in various components of de-
sign education was generally well received by students, with many

highlighting its support for creativity, ideation, and overall learn-
ing enhancement. In fictional field studies, students engaged ac-
tively, gained useful insights, and considered the exercise pedagog-
ically beneficial [106]. When applied to persona creation, GenAI
tools were credited with improving efficiency, accuracy, and di-
versity [127], and with aiding elaboration and creativity during
the co-creation of usable personas using GPT-3 [40]. In usability
evaluation settings, students found the GenAI-based tool intuitive
and effective for identifying meaningful interface issues [10].

In broader user-centered design tasks, students reported en-
hanced creativity, faster ideation, and more effective design out-
comes [124], often appreciatingAI-generated suggestions theymight
not have developed independently [110]. In simulated interview
exercises, ChatGPT was perceived as generating believable and
useful responses that supported persona development, achieving
high alignment with instructor-defined expectations [8]. Further-
more, in UI design instruction, GenAI-produced materials improved
student satisfaction, boosted technology acceptance, and increased
instructional efficiency by reducing development time and enabling
instructors to focus on higher-level planning and guidance [47].

6.6.6 Negative Sentiments: Unoriginality, Bias, and Ethics.
Despite the overall positive reception of GenAI tools in design edu-
cation, several limitations and challenges were reported. In persona
generation, students encountered UI complexity, limited design di-
versity [127], and outputs that were sometimes vague, inconsistent,
or stereotypical [40]. In simulated user interviews, GenAI tended
to provide brief, overly direct answers, lacking the openness or
illogical thought patterns typical of real users, which resulted in
students having inauthentic interaction experiences [106]. During
AI-supported cognitive walk-throughs, students expressed initial
uncertainty, low confidence in addressing AI-generated errors, and
frustration with hallucinated content or excessive, misaligned sug-
gestions [10].

Prompt Excerpt (Direct Quote from [40])

“You should refrain from giving the student the correct solution,
as that wouldn’t help them become better problem solvers. You
should mentor them and walk them through their logic, explaining
what is good and what needs to change. If a student shows that
they are confused about some aspect of the logic, you can use light
pseudocode (structured comments, not actual code) to push them
in the right direction. Look at the following list to know when to
give light pseudocode.
• If a student is close to the right answer then pseudocode isn’t
needed. Push them in the right direction is all that is needed

• If a student has many key ideas but is having a hard time putting
those ideas in the code, then pseudocode would mean to give
them a logic outline of the correct code

• If a student is missing key ideas, then pseudocode could be used
to highlight key ideas needed.

• If a student is very confused, then pseudocode could be used to
help them understand the overall shape of the correct code and
why the code is that way"

In broader user-centered design activities, challenges emerged
around controlling GenAI, verifying its accuracy, and avoiding
over-reliance on its output [124]. Students also reported creative
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stagnation, where the AI repeatedly produced similar ideas or en-
countered "creative blocks", with several studies noting the limited
diversity and oftenmonotonous nature of outputs [8, 40, 110, 124, 127].
Students and instructors raise concerns about ethical use and con-
cerns with GenAI models using artists’ work non-consensually, and
model bias [110, 116].

6.7 Algorithms and Data Structures
Eight papers report GenAI interventions within algorithms and
data structures courses. The interventions in these courses gener-
ally involved students (seven of the eight papers), with one study
describing teaching staff using GenAI tools. Overall, the interven-
tions assisted with understanding concepts and algorithms, and
providing feedback on student solutions. Table 9 summarizes the
GenAI activities and aspects of this cluster.

Table 9: GenAI activities found within the Algorithms and
Data Structures literature.

GenAI Use Illustrative Activities #

Interpret Asking conceptual and technical questions about
linked lists; Analyze algorithm complexity; Inter-
act with a course chatbot that provides explana-
tions; Clarifying concepts

5

Instructor: Clarifying complex concepts about
shortest path algorithms

Get Feedback Get formative feedback on programming quizzes
involving recursion; Get structured feedback on
decomposition, pattern recognition, abstraction,
and algorithm design

3

Instructor: Providing feedback on student submis-
sions

Refine Debug algorithms; Optimize (code) functions;
Help with debugging code

3

Generate Generate solutions 2
Instructor: Generating exercises about shortest
path algorithms

Evaluate Compare solutions with GenAI solutions 1

6.7.1 Understanding Concepts and Algorithms: Explana-
tions and Hints. GenAI tools, particularly ChatGPT and Google
Gemini, were employed to support students in understanding data
structures, algorithms, and computational thinking principles. In
multiple interventions, students used LLMs to decompose problems,
clarify recursion, traverse data structures, and gain insights into
algorithmic efficiency [25, 51, 68]. In addition, ChatGPT was also
employed to deliver structured, step-by-step guidance grounded
in a multi-dimensional scaffolding approach, specifically address-
ing five core dimensions of the computational thinking frame-
work—decomposition, abstraction, algorithm design, debugging,
and iteration to effectively support student reasoning through-
out problem-solving tasks [68]. In AI-enhanced platforms such as

Gurukul, LLMs were deployed to deliver retrieval-augmented ex-
planations and concept-driven hints that avoided revealing direct
answers [97].

6.7.2 Feedback on Student Solutions. Several studies incorpo-
rated LLMs to generate formative feedback on student submissions.
An instructor-created prompt using GPT-4 was compared with
direct instructor feedback on recursion quizzes, and the GenAI re-
sponses, structured with chain-of-thought prompts, led to higher
resubmission scores and were perceived as equally supportive [87].

In some courses, teaching assistants also mediated GenAI feed-
back, delivering refined insights from ChatGPT-4o to improve clar-
ity and accuracy before presenting them to students [51]. Gurukul’s
AI module offered scaffolded feedback through a live code editor,
enabling students to refine their understanding of programming
logic and algorithm design within a constraint-based learning envi-
ronment [97].

6.7.3 Student Reflections on GenAI Usage. In some data struc-
tures and algorithms courses, instructors required students to reflect
on their usage of GenAI [75, 96]. One such reflection prompted stu-
dents to write their own solution and then compare its performance
and efficiency with GenAI code [96]:

Student Reflection (Direct Quote from [96])

“Use a generative AI, such as ChatGPT, Bing AI, or Bard, to optimize
program, function, or code segment.
• Attach the screenshot of “solution” generated by generative AI
• Summarize your findings (at least 50 words).
Here are several ways that you can use generative AI to optimize
program, function, or code segment for performance:
• Best practices: Having been trained on a wide range of code

patterns, ChatGPT can help you follow best practices for coding,
leading to more efficient and optimized code.

• Refactoring: ChatGPT can help to reorganize existing code to
improve its efficiency and maintainability without affecting its
functionality.

• Code Suggestions: ChatGPT can suggest code snippets or alter-
native solutions to improve the performance of your existing
code. (You need to have your own implementation first before
asking AI tool for alternative solution.)"

Another required students to include their transcript and also
included more general questions about their GenAI use with the
intention of having students show evidence of learning, and how
their knowledge would transfer to other problems [75]. Instructors
included such reflection components to encourage students to ac-
quire the intended skills and knowledge, and prevent them from
becoming over-reliant on the tools for core competencies [75, 96].
An example of a student reflection appears below.
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Student Reflection (Direct Quote from [75])

“The learning reflection form asked students to include the entire
transcript of their interaction with the AI tool, even parts they
didn’t use. It also included questions asking students to explain
whether/how they used the AI content as part of their submission
and how they checked its accuracy. Finally, they were invited to
reflect on their learning with the prompt “Give some evidence that
shows what you learned from using the AI tool for this assignment.
For example, this could be a written description showing you can
explain the content in question, some new code that applies what
you learned to a different problem, a new version of the code that
was changed in sufficient ways to better solve the problem, etc."

6.7.4 Positive Sentiments: Scales instructor-led scaffolding,
and improves student engagement. In data structures and al-
gorithms courses, GenAI can help scale instructional strategies by
encouraging consistent use of instructor-designed prompts or problem-
solving steps. For example, instructors can provide prompts that
guide students to trace through data structures or think about as-
pects of a particular step in an algorithm, ensuring broader adoption
of intended mental models for understanding complex topics.

Across courses, GenAI-integrated interventions were successful
in improving student comprehension and computational think-
ing by way of increased engagement through real-time responses.
Importantly, these positive outcomes occurred when instructors
provided very hands-on and detailed guidance for students’ use of
GenAI [25, 51, 68, 87, 96]. This guidance included guardrails and sys-
tems to ensure that the AI did not give away answers directly [99]
and providing instructor-created prompts for students to use (both
for understanding content and for generating helpful feedback on
their solutions with structured rubrics) [25, 68, 87, 97, 99]. One
study that specifically included the perspective of teaching assis-
tants emphasized the importance of the teaching staff role in their
hybrid human-GenAI approach, since AI-generated materials fre-
quently required corrections in order for them to be understandable
and helpful to students [51].

6.7.5 Negative Sentiments: Vague explanations do not im-
prove understanding, and over-reliance must be proactively
avoided. In several studies, students mentioned the GenAI expla-
nations were too vague or abstract for them to understand and apply
concretely to the problem or misconception at hand, and either
left students confused or needing re-explanation from instructors
or teaching assistants [51, 68, 87, 97]. Another concern that arose
was over-reliance on the GenAI tools. Several instructors handled
this proactively by 1) creating clear prompts or tools for student
use and 2) setting expectations for or modeling intended GenAI
usage [25, 51, 68, 87, 96].

6.8 Data Science & Visualization
The result set included five papers related to data science and vi-
sualization. The observed interventions in these courses primarily
involved student-centered activities. The following sections provide
a detailed account of the main findings. Table 10 summarizes the
GenAI activities and aspects of this cluster.

Table 10: GenAI activities found within the Data Science and
Visualization literature.

GenAI Use Illustrative Activities #

Generate Generate code for common algorithms; Generate
visualisations

7

Instructor: Generate teaching materials/exercises/
datasets

Interpret Clarify/revise data science concepts; Analyze
datasets; Explore concepts

4

Reflect Reflect on prompt-engineering impact; Document
GenAI interactions/process

4

Instructor: Evaluate utility in student/teacher sup-
port

Brainstorm Recommend libraries/resources/career paths; Sup-
port design decisions; Stimulate design ideas

3

Evaluate Evaluate raw/engineered prompts for wrangling/
analysis/visualization; Evaluate performance in data
analysis; Critique generated solutions

3

Refine Debug code 1

6.8.1 Understanding Concepts and Algorithms: Explana-
tions andHints. In multiple data science and visualization courses,
ChatGPT served as a dynamic tool to support conceptual under-
standing of algorithms and data-centric tasks. Students relied on
the model for real-time explanations of programming logic, statis-
tical methods, and machine learning workflows, including tasks
like data wrangling, feature extraction, and parameter tuning. For
example, in a course designed around project-based data analysis,
ChatGPT was used to scaffold student learning by helping them
understand Python syntax and interpret model behaviors through
prompt iterations [112]. Similarly, in a graduate-level data visualiza-
tion course, students explored how ChatGPT could assist in inter-
preting error messages and generating ideas for visualization, en-
abling them to clarify unfamiliar libraries and tools independently
[56]. These activities were enhanced when paired with prompt en-
gineering instruction, which enabled learners to ask more effective
questions and receive pedagogically sound responses [14, 18].

6.8.2 Feedback on Student Solutions. ChatGPTwas commonly
employed as a formative feedback tool, especially in programming
assignments where students submitted iterative solutions. The AI
provided actionable suggestions, such as identifying logical errors,
improving code structure, and offering alternative strategies. In-
structors observed that students who used ChatGPT could more
rapidly diagnose bugs and refine their submissions, reducing the
turnaround time for problem resolution and increasing autonomy
[18]. Moreover, in some redesigned courses, students were required
to submit a “prompt engineering report" alongside their final data
science project, critically reflecting on the model’s feedback and its
influence on their decision-making [14]. This dual-assessment struc-
ture promoted meta-cognitive awareness and encouraged learners
to treat GenAI as a collaborator rather than an answer provider.

6.8.3 Student Reflections on GenAI Usage. Students were
asked to reflect on the usefulness of ChatGPT for a wide variety of
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activities related to the course and their broader career, including:
programming, learning and understanding data science concepts,
analyzing datasets, suggesting new learning materials, and finding
career paths [129]. Of particular relevance to data science was a re-
flection question that asked “Howmuch do you agree that ChatGPT
can help analyze data sets with no or less human effort? (by con-
sidering whether it can automatically give correct preprocessing,
or handle special issues, such as imbalance, automatically)". This
draws attention to the subtleties of handling special cases in data
and asking students to reflect on whether or not GenAI is capable
of effectively assisting with these cases. Another course that asked
students to reflect on their use of ChatGPT had post-assignment
elicited feedback on how effective GenAI was in improving the qual-
ity of their assignment submissions, reducing their time spent, and
enhancing their engagement and curiosity in the subject (among
other questions about its usefulness) [56]. Another approach was
to have students complete an assignment both with and without
GenAI and then reflect on the advantages and disadvantages of
its responses [14]. These approaches illustrate the importance in-
structors find in having students reflect on both the affordances
and drawbacks of GenAI in their coursework.

6.8.4 Positive Sentiments: Increased Engagement, Indepen-
dence, and Ability to Create Complex Code. Across studies,
students reported highly positive experiences when using Chat-
GPT to support data science and visualization tasks. Key benefits
included increased engagement, faster access to explanations, and
a heightened sense of independence when working on complex
problems [56, 112]. In particular, non-native English speakers [129],
and students with less prior coding experience expressed that Chat-
GPT lowered the barrier to entry for understanding code syntax and
documentation [14, 56]. Learners appreciated its availability and
the non-judgmental nature of interactions, which allowed them to
explore ideas and troubleshoot without hesitation [14]. Instructors
also noted qualitative improvements in the complexity and polish
of student outputs, especially when GenAI use was paired with
critical reflection and responsible design.

6.8.5 Negative Sentiments: Difficulties with Visual Tasks
and Learner Over-Reliance. Students sometimes received inac-
curate, verbose, or contextually irrelevant responses from ChatGPT,
especially when tackling open-ended visualization tasks or assign-
ments requiring critical thinking and design justification [18, 56].
The model’s inability to engage in nuanced visual reasoning or
provide consistent support for tasks like aesthetic optimization or
storytelling limited its effectiveness in higher-order design chal-
lenges. In some cases, learners became overly dependent on the
model, leading to a diminished sense of agency or shallow learning
if not accompanied by appropriate scaffolding [14]. These observa-
tions underline the importance of integrating GenAI literacy into
the curriculum, particularly in teaching prompt engineering and
critical evaluation of AI-generated content.

6.9 Object Oriented Programming
The result set contained five papers related to Object-Oriented
Programming (OOP) courses. Three out of five papers described
GenAI in OOP courses [4, 114, 115]. The other two papers primarily

focus on exploring whether GenAI can solve OOP exercises rather
than learning-focused applications in OOP courses [19, 20]. While
this second set of papers aremarginally relevant, theywere included
in this report due to the relatively small number of OOP papers
found. Table 11 summarizes the GenAI activities and aspects of
this cluster.

Table 11: GenAI activities in this set, grouped by base code
with illustrative activities.

GenAI Use Illustrative Activities #

Generate Instructor: Test generation to support grading; Cre-
ating student exercises

2

Evaluate Evaluating generated feedback on project reports 2
Instructor: Solving existing tasks

Interpret Making sense of course concepts and finding re-
sources

1

Get Feedback Instructor: Grading student exercises 1

Several key applications of GenAI were identified in the context
of OOP courses: a) using GenAI to evaluate existing exercises [19,
20], b) using GenAI to generate new exercises [115], c) providing
feedback to students in the form of question-answering [114], and
d) providing feedback to students on their assignments [4].

The following sections present a detailed discussion of these
findings.

6.9.1 Using GenAI to Assist in Course Preparation. GenAI
models can play a role in the course preparation process by both
validating existing exercises [19, 20] and generating new ones [115].
In this context, validation of existing exercises involves assessing
what GenAI models are capable of solving and helping instructors
refine their materials to prevent students from relying solely on
these models without proper understanding [19].

Validation of Existing Exercises. To evaluate GenAI models, the
authors of both papers used the same set of six OOP exercises
from their courses [19, 20]. Overall, the models tested (GPT-3.5,
GPT-4, and Bard) were able to solve these programming exercises.
However, the generated code often failed to pass all test cases and
exhibited code quality issues. An exception was noted with the
GPT-4 model, which successfully passed all test cases for one of the
exercises [20].

GPT-3.5 and Bard performed worse than the GPT-4 model, often
producing syntax-related issues such as minor compilation errors
or missing imports. Additionally, all three models struggled with
OOP concepts, such as failing to declare a class as abstract or in-
correctly identifying and implementing business rules [19]. In the
context of education, GenAI models can be utilized to validate as-
signments by determining if the assignments can be easily solved
by the models [19]. Both studies also emphasized that simply check-
ing the correctness of the code is not sufficient. With the growing
prevalence of AI, extra effort is needed to ensure the generated
code meets high-quality standards [19, 20].

Generating New Exercises. The ChatGPT system, based on the
GPT-3 model, was used to evaluate its ability to generate OOP
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programming exercises [115]. It is important to note the authors
focused solely on generating task descriptions and did not generate
any code for them. Overall, LLMs performed well in this task, even
for scenarios requiring the use of customAPIs in the exercises. How-
ever, the more complex the exercise, the more prompts were needed
to achieve a good result [115]. This approach can significantly save
instructor time and improve efficiency in creating programming
exercises.

From the student perspective, the generated exercises were gen-
erally well-received, with most students finding them appropriate
in terms of structure, difficulty level, and clarity [115]. This aligns
with findings from the instructor’s perspective, supporting the idea
that LLMs are suitable for generating coding exercises, at least their
descriptions (without code placeholders or test cases).

6.9.2 Using GenAI to Provide Feedback. Two papers report
GenAI interventions within OOP courses [4, 114].

Question Answering. ChatGPT and a RAG-based system were
compared to evaluate their ability to provide answers to student
questions [114]. The goal of this feedback is to help students clarify
their doubts about OOP theory. Overall, the findings showed that
GenAI models perform well for this task, delivering precise and
detailed answers [114]. However, employing advanced techniques
such as RAG can significantly improve the clarity and quality of
responses by incorporating additional information, such as links to
resources, more context about course exercises, or tailored infor-
mation presented in a more student-oriented way [114].

General Feedback. Another study [4] focused on providing gen-
eral feedback on student assignments by comparing GenAI models
with human-generated feedback. ChatGPT’s textual feedback for
all exercises was more detailed, in-depth, and direct compared to
feedback provided by human experts. However, auto-generated
feedback should still be reviewed and tailored by experts or in-
structors to ensure accuracy, build student trust, and confirm the
feedback is reliable.

From the student perspective, auto-generated feedback received
significantly higher ratings compared to feedback from experts;
suggesting that GenAI models are already capable of providing rich
and valuable feedback for OOP exercises.

6.9.3 Positive Sentiments: Improves Instructor Efficiency
and Provides Helpful Feedback. GenAI was found to be helpful
for generating complex exercises, though it is critical to maintain
some ambiguity in problem descriptions such that students can-
not simply copy them into a GenAI prompt [115]. For students,
GenAI is helpful in providing understandable feedback and help,
especially when RAG or other techniques ensure the output is from
an instructor-curated resource [4, 114].

6.9.4 Negative Sentiments: Fails Requirements andProduces
Code that is not Learning-Oriented. AI-generated code was
often found to have incorrect or missing imports and failed to
meet requirements, highlighting the need for instructors to double-
check any GenAI-generated instructional materials provided to stu-
dents [19]. It also was prone to creating code that would not neces-
sarily help students learn, and was harder to work with; such short-
comings then required substantial revisions from instructors [115].

6.10 Security
Four papers report GenAI usage within computer security courses.
From those, three were teacher-oriented, while one was student-
oriented. The existing works explore a) how well LLMs can handle
security exercises, b) what changes can be done to incorporate LLMs
in security education, and c) how well can an LLM-based tool sup-
port students in doing security-related tasks. Table 12 summarizes
the GenAI activities and aspects of this cluster.

Table 12: GenAI activities found in Security literature.

GenAI Use Illustrative Activities #

Evaluate Instructor: Evaluate security issues introduced when
using GenAI; Assist with security tasks; Detection of
XSS attacks; Use of GenAI in social engineering; De-
tection of phishing attacks; Recommend penetration
test cases; Recommend vulnerability fixes

8

Interpret Help to understand/apply/analyze concepts (e.g., file
permissions, memory leaks, reverse engineering);
Personalized tutoring that analyzes terminal and file
activity during challenge-based exercises

3

Instructor: Identify security vulnerabilities

6.10.1 Evaluation of LLM’s capacity to handle security ex-
ercises. Two of the found works attempted to measure how well
ChatGPT can handle security-related tasks and questions [52, 67].
Both of these studies report that ChatGPT is capable of supplying
students with information associated with computer security tasks.
More specifically, although it has difficulty with vulnerabilities that
are spread across multiple files [67], it can identify some vulner-
abilities and recommend penetration testing cases [67], provide
information about vulnerability identification and correction [67],
as well as automate some parts of the job [52].

Furthermore, Jamieson et al. [52] reported the need to train
students in promptwriting and in validating GenAI’s output. Finally,
Li et al. [67] noted that, if nothing changes in terms of grading,
students might leverage ChatGPT to pass the course.

6.10.2 Propose new course design. Wang et al. [123] proposed
a new design for a course focusing on security which includes
ChatGPT related activities, such as a) using ChatGPT to assist in
security tasks, b) identification of security issues caused by Chat-
GPT, c) automating web programming tasks, d) detecting attacks
in code (e.g., cross-site scripting (XSS), e) using ChatGPT for social
engineering, and f) employing ChatGPT to detect phishing attacks.
However, it should be noted that this new course design was still
conceptual and untested.

6.10.3 Student-support tools. Nelson et al. [83] implemented
an LLM-based tool – called Sensai – that supports students exe-
cution of security tasks. This tool tries to give hints and asking
probing questions that try to make students think instead of giving
them direct answers. The tool works by transparently extracting
and utilizing the learner’s working context (e.g., contents of the
code editor and terminal). The tool was used in a real educational
scenario, having also been evaluated by the students. The results of
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the evaluation show that, in general, students do not prefer Sensai
over more traditional support structures, such as the professor, the
teaching assistants and external online resources. However, most
students indicated that it is ‘easier’ to seek guidance from this tool
than from those more traditional resources.

6.10.4 Positive Sentiments. One positive sentiment was the idea
that ChatGPT can be used to accelerate learning of computer secu-
rity learning objectives [52]. Another positive aspect is the possi-
bility of raising the evaluation threshold [67].

6.10.5 Negative Sentiments. ChatGPT’s capacity to solve many
of the exercises was noted as a potential cause of student de-
motivation by [52].

6.11 Machine Learning
The result set contained three studies related to machine learning
courses, highlighting its use in supporting student learning across
coding, analysis, and assessment tasks. Table 13 summarizes the
GenAI activities and aspects of this cluster.

Table 13: GenAI activities found in ML literature.

GenAI Use Illustrative Activities #

Evaluate Critically evaluate the results of generated analysis;
Evaluate quality of questions; Validate generated vi-
sual artifacts

4

Instructor: Answer existing exam questions

Generate Generate QR codes as a visual artifact 2
Instructor: Generate new exam questions

Refine Tune and refine prompt parameters; Tune the
prompts to improve results

2

Interpret Analyze and code relevant literature in a survey 1

6.11.1 Understanding Concepts and Algorithms: Explana-
tions and Hints. In research-oriented and project-based learning
environments, students used ChatGPT to explore complex topics
such as model selection, overfitting, and hyperparameter tuning by
posing natural language queries and receiving contextualized ex-
planations [64]. This interaction supported their comprehension of
machine learning pipelines and helped demystify common coding
errors and analytical steps. In another intervention, the integration
of ControlNet and Stable Diffusion allowed students to manipulate
input parameters and visually observe the corresponding output
transformations, thereby deepening their understanding of how
algorithmic decisions influence model behavior [58]. Additionally,
in assessment-focused scenarios, LLMs such as ChatGPT-3 and
Codex provided structured, chain-of-thought responses that guided
students through the logic of exam-style problems in regression,
neural networks, and decision trees [31].

6.11.2 Feedback on Student Solutions. GenAI tools werewidely
used to provide feedback and iterative support for student-generated
outputs in machine learning education. On the one hand, students
leveraged ChatGPT to assist with technical problem-solving, code

review, and refinement of research questions during a course-based
undergraduate research experience [64]. On the other hand, Chat-
GPT helped students revise literature summaries and debug code,
supporting comprehension and workflow efficiency [64]. Addition-
ally, LLMs such as ChatGPT-3 and Codexwere used to automatically
answer and generate machine learning exam questions, where their
performance was benchmarked against human-written content.
The tools demonstrated comparable effectiveness in providing ex-
planations and generating assessment-relevant content, thereby
simulating instructor-level feedback in scalable settings [31].

6.11.3 Positive Sentiments: In general students across all in-
terventions expressed strong satisfaction with GenAI’s ability to
enhance their learning experiences. Participants noted improved
productivity, increased engagement, and clearer conceptual under-
standing when using GenAI for coding tasks, literature review, or
interpreting machine learning pipelines [64]. Visual feedback mech-
anisms, such as those developed with ControlNet, were praised for
fostering creativity and deepening learners’ intuitive grasp of model
behavior [58]. Instructors observed that LLMs provided scalable
support for both formative assessment and exploratory learning,
confirming their value in complex machine learning contexts [31].

6.11.4 Negative Sentiments: Students working with real-time
visual generation tools expressed concerns about the system’s com-
plexity, the potential for misuse (e.g., plagiarism), and the steep
learning curve associated with newML-integrated GenAI tools [58].
In the research-focused setting, a few students became overly re-
liant on ChatGPT, which risked diminishing their critical thinking
and originality [64]. Moreover, while LLMs demonstrated high per-
formance on assessment tasks, they occasionally produced subtly
incorrect or incomplete answers, emphasizing the need for human
oversight and critical evaluation by students [31]. These findings
suggest the importance of implementing GenAI literacy frame-
works and maintaining a balanced pedagogical approach that rein-
forces student reflection and accountability.

6.12 Networks
Two papers from our result set focused on computer networks.
Table 14 summarizes the GenAI activities and aspects of this cluster.

Table 14: GenAI activities found in Network literature.

GenAI Use Illustrative Activities #

Interpret Explore the transition from IPv4 to IPv6 in a collabo-
rative group setting; Use for asking general questions
and exploring concepts; Apply Text2Net to explore
real-world network scenarios; Use Text2Net to con-
figure and practice with complex network setups

4

Evaluate Critically evaluate outputs (for accuracy, relevance,
quality)

1

Generate Instructor:Design and development of assessments
and rubrics

1
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6.12.1 Exploring complex network scenarios and protocol
transitions. The first study examined the integration of GenAI
within the assessment to create an authentic assessment for stu-
dents in a network engineering course [17]. Students used GenAI in
their assessments to explore the transition of a network from IPv4
to IPv6 in a collaborative group assessment setting. Students were
required to use GenAI for both inquiry and critical evaluation of the
output, with marks allocated to this in the rubric. The second study
focused on the application of GenAI in designing a tool, Text2Net,
to facilitate the setup of complex network scenarios more efficiently
and to provide practical insights into real-world scenarios [76].

6.12.2 Positive Sentiments. Both studies have positive percep-
tions from the participants. In the first study, students expressed
appreciation for the assessment’s structure and its alignment with
course objectives; however, they noted the need for more compre-
hensive guidance on effectively utilizing GenAI tools [17]. In the
second study, both instructors and students, gave high ratings re-
garding the ease of use, transparency, and educational value of the
Text2Net tool [76].

6.12.3 Negative Sentiments: In the first study, students expressed
concern over the limited guidance provided for using GenAI tools,
which risked fostering over-reliance on AI and disadvantaging
those with lower AI literacy [17]. In the second study, participants
noted that Text2Net’s functionality remains constrained—restricted
to static routing and dependent on non-scalable RegEx and pattern-
matching techniques—and that occasional inaccuracies in LLM-
generated outputs required additional user clarification [76].

6.13 Theoretical Computer Science
Two papers from our result set focused on the theory cluster: one
relating to a Theory of Computation (ToC) course and another one
course in applied logic and formal methods. Table 15 summarizes
the GenAI activities and aspects of this cluster.

Table 15: GenAI activities found in TCS literature.

GenAI Use Illustrative Activities #

Generate Write a formal specification; Generate a program
using specification

2

Evaluate Instructor: Evaluate the performance of ChatGPT-4
on answering questions covering basic topics in ToC

1

Interpret Ask to explain assignment-related concepts 1

6.13.1 GenAI Capabilities in the Context of Theoretical Com-
puter Science. The first paper was instructor-focused [41]. It of-
fered insights from experiments evaluating the performance of
ChatGPT-4 on 450 questions on basic topics in ToC. One of the
aims was to inform instructors on how they can limit ChatGPT’s
impact on students’ learning of relevant ToC concepts, utilizing
the identified weaknesses of the tool. The latter includes issues
of ChatGPT-4 interpreting state diagrams drawn in Word using
its built-in shapes, the tool’s incremental approach that does not

explore faults in its initial reasoning, ChatGPT’s struggle with “uni-
versality" questions that consider every possible case, and practical
regex-related questions. These insights are important for instruc-
tors in theory-related subjects as it shows that ChatGPT-4 is largely
unsuccessful at solving theory problems. However, in the light of
the speed of LLM’s development, further work needs to be done to
validate that these weaknesses are still relevant.

6.13.2 Experiences of Offering a Monitored GenAI Environ-
ment. The second paper was a student-focused paper, which re-
volved around the authors’ experiences creating a monitored en-
vironment in which students could use AskGPT, a Visual Studio
Code plugin based on OpenAI’s text-davinci-003 LLM without
restriction [93]. This approach could theoretically also be applied
in contexts outside of theory, however, it is worth noting that the
authors’ initial expectations as to scale and pattern of GenAI usage
were not fulfilled – students used the tool much less than antic-
ipated. Some reasons behind this included students’ concerns of
being monitored, concerns about GenAI interfering with their learn-
ing, lack of conversational context within the plugin, awkward UI,
and others. This suggests that offering an environment with limited
capabilities and a direct monitoring component may dissuade stu-
dents from engaging with it. Moreover, it does not resolve the issue
of students potentially relying on external solutions like ChatGPT.
The authors also found that some students felt like they would ben-
efit from learning about capabilities of the LLM tool in a structured
way as they were not necessarily prepared to work with LLMs.

6.13.3 Positive Sentiments: No positive sentiments were found
with regard to GenAI’s incorporationwith ToC topics and educating
students.

6.13.4 Negative Sentiments: Theory of Computation (ToC) is
a difficult topic for students (and genAI) because of its technical
depth and the required precision. From these two papers it was
evident that GenAI was not as capable as desired for ToC education.
The first paper found that GenAI largely struggled with solving
proof-type problems (the most common struggle with students
taking ToC), which implies a weakness for pedagogical uses of
GenAI for teaching proofs. While the first paper did not include a
student assessment; the second paper did, and students largely did
not use the GenAI tool because of how little it assisted them.

6.14 Miscellaneous
Three additional papers fell outside the major clusters but are in-
cluded here due to their noteworthy integrations of GenAI.

6.14.1 Distributed Systems: In an advanced distributed systems
unit, students extensively used LLMs for tasks such as code gen-
eration and debugging, with 98% relying on them for assignments
[6]. While the positive sentiment was that the LLMs were generally
seen as beneficial for productivity and understanding, there was
a concerning trend of over-reliance, as many students submitted
whole assignment prompts for complete solutions. This pattern
highlights the need to update undergraduate curricula to include
training on effective prompting strategies and address the ethical
concerns surrounding academic integrity. The study recommends
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that future research should evaluate the long-term impacts of LLM
usage on learning and knowledge retention.

6.14.2 Operating Systems: Zhang et al. [128] presents the setup
of SortingHat, an innovative digital teaching assistant designed to
enhance Operating Systems education by addressing the unique
needs of each student. It uses a large language model enhanced
with retrieval augmented generation (RAG) to provide personalized
guidance and adaptive exercises based on individual learning his-
tories. The system ensures fair assessment through an evaluation
pipeline that gives consistent grading and constructive feedback.
Additionally, extensive testing of the framework demonstrated its
reliability, producing consistent evaluation scores while accurately
reflecting differences in the quality of student work. This is a work-
in-progress; however, the comprehensive setup of this digital assis-
tant has the potential to be extended to other advanced computing
courses, as well.

6.14.3 Web Development Course: MacNeil et al. [74] discuss
an experiment where different types of code explanations were
generated using LLMs and incorporated into an interactive e-book
for web software development. The authors created three types
of explanations: line-by-line, important concepts, and high-level
summaries, allowing students to engage with them alongside code
snippets. Findings revealed that students found these explanations
generally helpful, with engagement varying based on the complex-
ity of the code and the type of explanation. Students preferred
summary explanations over line-by-line explanations, despite re-
questing more of the latter. The authors aim to explore how to
enhance explanations through length, clarity, and completeness.

7 Instructor Survey Method
To understand the challenges faced by computer science faculty
when incorporating GenAI into their courses, a survey-based study
to elicit feedback on GenAI usage practices, concerns, preferences,
and expectations was developed. Figure 3 provides a high-level
schematic for the instructor survey methodology.

7.1 Instructor Survey Goals
The main objective of the survey was to complement the literature
review with opinions and experiences of educators. Additionally,
the responses are the evidence needed to formulate a set of reasons
why instructors do not use GenAI yet.

7.2 Survey Design and Testing
This survey was intended to capture educational practices and other
GenAI-related information not yet available in the literature, due
to the fast evolution of the topic, and help complete the picture of
GenAI use in post-introductory courses.

An initial set of survey items aligned with the WG’s goals (i.e.,
identify what is being done in post-introductory computing courses)
was drafted, then iteratively refined based on internal group feed-
back. A pilot run with a sub-group of critical contacts was used to
refine wording of items and to produce a completion time estima-
tion.

Draft Initial Questions
(37 → 15 questions)

Pilot Testing
with WG Members

Seek Ethical Approval

Distribution (SIGCSE
& Convenience Sampling)

Data Collection
via MS Forms

Respondent Categorization

Group A: Integrating
GenAI in Courses

Group B: Not Integrating
GenAI in Courses

Mixed-Methods Analysis
(Quantitative &Qualitative)

Final Survey Results
& Insights

iterate refine

Survey Design, Validation
& Ethical Approval

Distribution &
Data Collection

Analysis & Results

Figure 3: Workflow steps for the educator survey on GenAI
integration in upper-level computing courses.

7.3 Survey Structure
The instructor survey included 15 items: six multiple-choice ques-
tions, three binary Yes/No questions, and eight open-ended ques-
tions. The survey appears in Appendix C.

7.4 Target Populations and Outline
The questionnaire targeted two groups of CS instructors:

A. Instructors who are already integrating GenAI into their
teaching, and

B. Instructors who have not integrated GenAI in their courses.

7.4.1 Survey of GenAI-integrators: For group A, the question-
naire prompted respondents regarding:

• Specific activities in which GenAI was integrated into their
courses (e.g., brainstorming for generating project or func-
tionality ideas, requirements clarification, etc.)

• Examples of concrete activities where GenAI was used
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• Effectiveness of those activities and the reasoning behind
their effectiveness (e.g., which activities worked or didn’t
work well and why)

• Skills taught or referenced in their courses (e.g., general
prompting skills, prompt engineering techniques)

• Revisions (accomplished or planned) to learning objectives,
course objectives, or intended outcomes in response to stu-
dent use of GenAI

• Expected level of transparency from students when using
GenAI tools (e.g., ranging from a full log of interactions or
transcript to no requirements)

• Plans to revise assessment methods in courses incorporating
GenAI (e.g., awarding more points for the process or devel-
opment journey, designing tasks that are harder for GenAI
to solve)

• Current policy regarding student use of GenAI tools
• Availability of instructor-created resources for incorporating
GenAI (e.g., sharing the URL to those resources)

7.4.2 Survey of GenAI-NON-integrators: For group B, the in-
structorswho have not integratedGenAI, the questionnaire prompted
respondents regarding:

• Reasons they have not adopted GenAI (e.g., lack of institu-
tional support, lack of knowledge, etc.)

• Possible future plan (if any) to integrate GenAI tools into
their courses

Including instructors who have not integrated GenAI into this
survey intended to help shed light on the reasons behind non-
adoption (e.g., institutional policies, instructor’s personal prefer-
ences, etc.).

7.4.3 ItemsCommon toBoth: In addition to the above items, the
questionnaire asked about the respondents’ teaching background
(e.g., taught courses). Appendix C presents all survey items.

7.5 Distribution Strategy
The survey was distributed using the following channels:

• SIGCSE-MEMBER mailing list: the ACM Special Interest
Group on Computer Science Education includes a broad
community of instructors and CSE researchers.

• Convenience sampling: people from the WG members’ per-
sonal networks known to teach post-introductory courses.
This approach helped to reach instructors not subscribed to
research-oriented mailing lists. Since the WG team includes
members from eight different countries and 15 institutions,
this method leverages a geographically and institutionally
diverse set of contacts, increasing the likelihood of capturing
a broader range of perspectives and practices.

7.6 Ethics Approval and Data Handling
Ethics approval for this research was granted by the Science and En-
gineering Ethics Committee of Swansea University on July 1, 2025
(Ref. no. 1 2025 13825 13865). Amendments to the original applica-
tion were approved on August 26, 2025.

The survey data was collected using Microsoft Forms. Participa-
tion in the survey was anonymous and no personal information
was collected. The raw data was handled by Swansea University –

the University that issued the ethics approval. It was pre-analyzed
and de-identified as needed before being made available to other
researchers in the WG. For example, on three occasions respon-
dents shared links to their personal website or GitHub repository.
Those links were decoupled from the rest of their responses and
later reviewed separately to explore their relevance to the WG’s
aims. The analysis was then carried out by a sub-group WG mem-
bers, from Swansea University (UK), Lusófona University (Portugal),
KTH Royal Institute of Technology (Sweden), Northumbria Uni-
versity (UK), JetBrains (Serbia), Interdisciplinary Transformation
University (Austria), and Worcester Polytechnic Institute (USA).

7.7 Analysis Approach
The survey responses were analyzed using a mixed-methods ap-
proach. For closed-ended questions, descriptive statistical analysis
(e.g., frequencies and percentages) were used to identify general
trends. To include responses from the “Other” option with free-
text input, the responses were clustered into categories to capture
recurring themes or insights not covered by predefined choices.

Open-ended questions were thematically coded to identify com-
mon perspectives, strategies, and concerns. During the coding pro-
cess for each open-ended question, at least two WG members inde-
pendently proposed potential themes. These themes were reviewed
by another WG member. Themes were finalized upon consensus.
Any disagreements were resolved by one of the group leaders.

8 Results from the Instructor Survey
The results of the instructor survey are presented in four parts:

• Overview of respondents and the subjects they teach
• Examination of the reasons reported by those who have not
integrated GenAI and their future plans

• Summary of the responses from respondents who have inte-
grated GenAI activities and analysis of their sentiments on
that experience

• Summary of the skill development related to GenAI, changes
to assessment practice, changes to learning objectives, adop-
tion of AI usage policies, and open resources on GenAI, as
reported by respondents

8.1 Overview of Respondents
Overall, 118 valid responses were collected. The responses were
separated into groups based on their response:

• Group IN are respondents who have integrated GenAI into
their courses

• Group NI are respondents who have not integrated GenAI
into their courses

According to the survey results, 56 out of 118 instructors (47%)
reported already integrating (IN) GenAI in their courses. On the
other hand, 62 instructors (53%) reported not integrating (NI) GenAI
in their, as presented in Table 16.

Figure 4 shows the post-introductory subjects taught by the sur-
veyed respondents (n.b. respondents typically taught more than
one subject as can be expected). Table 17 shows in more detail the
individual counts for each subject split by integration of GenAI. In
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Table 16: Overview of respondents and GenAI integration.

Category # %

Respondents teaching post-introductory courses 118 —
— Not integrating GenAI (NI) 62 53%
— Integrating GenAI (IN) 56 47%

Figure 4: Count of subjects by integrating and non-
integrating instructors.

terms of subjects, Software Engineering, Algorithms and Data Stuc-
tures, Object-Oriented Programming and AI and Machine Learning
accounted for 50% of the total.

Analysis of subject counts revealed a strong positive associa-
tion between NI and IN categories (Pearson’s 𝑟 = 0.87, 𝑝 < .001;
Spearman’s 𝜌 = 0.85, 𝑝 < .001), indicating that subjects frequently
represented in one category were also frequent in the other. A
Wilcoxon signed-rank test found no significant difference between
NI and IN values across subjects (𝑊 = 85, 𝑝 = .28), suggesting no
systematic imbalance between the two categories.

Table 17: Counts of subjects split by NI (not-integrating) and
IN (integrating) instructors.

Subject NI IN Total %

Software Engineering 20 22 42 18%
Algorithms and Data Structures 19 12 31 13%
Object-Oriented Programming 10 16 26 11%
AI and Machine Learning 10 9 19 8%
Databases 8 9 17 7%
Human-Computer Interaction 8 7 15 6%
Web Development 5 10 15 6%
Theory of Computation 6 5 11 5%
Operating Systems 8 2 10 4%
Mobile Computing 5 5 10 4%
Data Science 4 4 8 3%
Security 5 2 7 3%
Compilers 3 3 6 3%
Programming Languages 4 2 6 3%
Computer Games 2 3 5 2%
Computer Networks 4 1 5 2%
Distributed Systems 1 1 2 0.8%
Parallel Programming 0 2 2 0.8%
Robotics 1 0 1 0.4%
Cryptography 1 0 1 0.4%
Computer Architecture 1 0 1 0.4%
Blockchain Technology 1 0 1 0.4%
Systems Programming 1 0 1 0.4%

Total 126 114 240 100%

8.2 Instructors Not Integrating GenAI (NI)
This subsection focuses on the 62 respondents who reported not
integrating GenAI in their practice. The first subsection is focused
on the reasons why they have not integrated GenAI. The second
subsection presents the plans these respondents are considering for
possible future GenAI integration. The third subsection presents
the general personas of non-integrators that may be useful when
discussing attitudes towards GenAI integration.

8.2.1 Reasons for not using GenAI:. Table 18 summarizes re-
sponses to why GenAI had not been integrated. These responses
were inductively coded to identify common themes and their rel-
ative frequency. The coded responses clustered into eight higher-
level themes. The most common was concerns about student
learning (𝑛 = 22). Respondents frequently mentioned risks of erod-
ing foundational skills, fostering over-reliance, or undermining
confidence and interpersonal interaction. Some respondents em-
phasized the pedagogical risks of students over-relying on GenAI
at the expense of foundational skills:

R51 — “It’s unclear to me how to use generative AI tools to
support the learning goals of my courses, without enabling or
encouraging students to let GenAI tools take over the work,
both because that would rob students of problem-solving ex-
perience and because GenAI confidently generates plausible
but incorrect solutions.”

Others highlighted the long-term professional risks, warning
about diminished competence in the workforce:
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Table 18: Instructor reasons for not integrating GenAI.

Theme Indicative Codes # Distribution

Concerns about student learning Concern students not building foundations; concern about negative impact on students;
concerns about impact on learning; concerns about correctness of GenAI output

22

Knowledge and guidance gaps Lack of knowledge/ideas on effective use; lack of knowledge or mastery; lack of clear
guidelines; lack of institutional policy/support

34

Integration attitudes and plans Future integration not discounted; future integration considered/planned; developing
integration approach; focus on long-term impact; waiting to see

17

Pedagogical value and fit Unclear value/usefulness; not useful/relevant; bad subject fit; no pedagogical benefit 12

Resource and effort constraints Time investment needed; lack of financial resources; institutional barriers; assessments
need more thought

10

Permitted or limited usage Usage allowed for specific purposes (debugging, explaining concepts, polishing writing);
allowing basic use with instructor explanation

8

Negative experiences and resistance Negative sentiment towards GenAI; negative experience with students’ overreliance;
won’t integrate unless mandatory

5

R69 — “Using GenAI in the education process will significantly
diminish what students learn, thereby reducing the actual
knowledge and skills they will bring into their future careers.
Ultimately everyone will suffer if we produce a generation of
crappy computer science students!”

Still others voiced the concern in direct terms (which made us
laugh), underscoring a belief that GenAI runs counter to the very
mission of education:

R77 — “It makes you stupid, but the role of education is to
make people less stupid. If we were doing skills training, that’s
one thing, but this is education.”

The next most frequently occurring theme was knowledge and
guidance gaps (𝑛 = 17). Respondents pointed to both institutional
uncertainties and their own lack of preparedness as reasons for post-
poning integration. Some emphasized the challenge with unclear
or absent policies:

R83 — “The current institutional policy is a bit unclear on
what’s allowed and what not.”

R24 — “Lack of clear guidelines on what aspects of GenAI are
permitted for students to use in their assignments.”

Others highlighted their own limited expertise, noting the chal-
lenge of learning to use GenAI tools effectively while simultane-
ously considering how to teach with them:

R27 — “Hard to work out how to do it effectively while we
are still learning to use the tools ourselves. Now that there is
some maturity in the tools we can begin to think about how
to teach students to use them.”

R109 — “Lack of knowledge of how to effectively integrate. I
know students are using it on their end though.”

Finally, some framed the issue as one of instability, stressing the
difficulty of building sustainable practices around tools that are
evolving too rapidly:

R70 — “The GenAI landscape is rapidly shifting, so I still feel
unfamiliar with the tools to rely on them in a course setting.”

A similar amount of weight was attributed to integration at-
titudes and plans (𝑛 = 17). Unlike respondents who had firmly
decided for or against GenAI, these comments reflected a softer
position; open to exploring integration but cautious about how best
to proceed. Some framed their stance as supportive in principle, but
emphasized the need for careful alignment with learning outcomes:

R15— “I am not against the idea, but it requires a good amount
of time to think through how it can be of benefit and fit the
learning outcomes.”

Others described being in the process of developing workable
approaches, balancing existing policies with the challenge of de-
signing new activities that integrate GenAI meaningfully:

R19 — “I’m still working on developing a good approach for
integrating it into the course. While students are allowed to
use them in some specifically-outlined ways (consistent with
historical policy), designing new work that integrates GenAI
well takes time.”

Still others pointed to the need for additional research and inspi-
ration before committing to full integration:

R87 — “I do have some ideas in how GenAI would be useful in
HCI dommain however, I would like to do more research into
how GenAI could be used within the curriculum and some
model activities so I could adapt those or take inspiration to
build some activities.”

Less frequent, though still notable, were discussions of peda-
gogical value and fit (𝑛 = 12), with some instructors questioning
the relevance of GenAI to their subjects or doubting its usefulness.

R22 — “I do not see the relevance in integrating GenAI into
an Advanced Algorithms & Discrete Systems course.”

R98 — “I have not found an area where it would be useful in
security.”
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R114 — “The courses I teach cover logic, math and fundamen-
tals. Students need to build this skill set themselves. I’ve not
seen a Gen AI that does well with logic.”

Resource and effort constraints (𝑛 = 10) highlighted the
practical barriers preventing more active integration, including
time pressures, financial costs, and institutional limitations. Some
respondents described the challenge in terms of workload, noting
that even if policies or intentions were in place, they lacked the
capacity to design new activities:

R66 — “I have guidelines for students on how they are allowed
to use GenAI tools, but I have not yet developed exercises that
require them to use these tools. Reason: haven’t had the time.”

Others emphasized the financial costs involved, as well as con-
cerns about fairness and equal access for students:

R36 — “Lack of time and money to experiment with use of
GenerativeAI tools. To use them you need to integrate a paid
account with tools like Cursor [...] I don’t have the time to
investigate at the moment. I don’t have the resources. Also if
I wanted to integrate use of GenerativeAI the same conditions
would apply to the students.”

A smaller number highlighted permitted or limited usage
(𝑛 = 8), often restricted to narrowly defined contexts such as de-
bugging or polishing writing. Some respondents described allowing
students to draw on GenAI for partial tasks while ensuring that
core learning outcomes were preserved:

R47 — “I didn’t feel the need to. The students use it to gen-
erate code for the team works, but then again I am not that
concerned with this, as aforementioned project is elaborate
and not fully solved using GenAI.”

Others took a more pragmatic stance, permitting use so long as
it was transparent and framed as one resource among many:

R51 — “I do allow students to use GenAI tools to help with
homework, just as they do any other source—cite your sources
and write in your own words—because any more restrictive
policy would be unenforceable.”

Finally, a minority expressed strong negative sentiment or
resistance (𝑛 = 5). In this particular case, there is a sense of im-
pending pressure to integrate against their instincts (we truly wish
them the best!):

R103 — “i hate generative ai. i think the benefits are not worth
the costs. i am only going to "adopt" it if i am at risk of being
fired if i don’t.”

8.2.2 Future plans for integration: Figure 5 shows the distri-
bution of responses regarding future plans for integrating GenAI.
The most frequently selected options were allowing responsible
use (𝑛 = 33) and encouraging critical evaluation of outputs (𝑛 = 30)
(note: respondents could select multiple options). Other common
plans included using GenAI in course projects (𝑛 = 21), for brain-
storming and ideation (𝑛 = 20), and for clarifying requirements
(𝑛 = 10). Respondents also reported intentions to demonstrate tools
in class (𝑛 = 17) and to involve students in analyzing GenAI as a
source of ethical questions and systematic bias (𝑛 = 12). Several
respondents chose Other (𝑛 = 9) and suggested diverse uses, such
as:

Figure 5: Future plans for integration of GenAI

R36 — “I would like to teach a course on vibe coding.”

R96 — “Maybe create a workshop to do qualitative data anal-
ysis with LLMs.”

R103 — “if students use it sensibly and declare as such I won’t
penalise it, but I’m always going to discourage it.”

Finally, 16 respondents indicated they had no plans to integrate
GenAI into their courses. Overall, while 53% of respondents re-
ported not currently integrating GenAI, the majority nevertheless
expressed intentions to explore some form of future integration.

It is worth noting that a very strong positive correlation was
found between those respondents who have integrated GenAI and
those who have not (Pearson 𝑟 = 0.95, 𝑝 < 0.001; Spearman 𝑟𝑠 =

0.95, 𝑝 < 0.001), indicating the relative ordering of integration
approaches was highly consistent between groups. The consistency
of the orders can be observed by juxtaposing Figure 5 and Figure 6.

8.2.3 Personas of Non-integrators: The analysis of the respon-
dent data led to the identification of personas which may be use-
ful in understanding this uncertain time of transition, resistance,
and new realities in academic life. The personas are: Pedagogical
Guardian, Aloof Observer, Skeptical Resistor, Curious Over-
loaded, and Tentative Experimenter. While this set of personas
certainly do not capture all positions on GenAI, they represent the
majority of GenAI-skeptical survey respondents. Table 19 provides
the definitions of the personas.

8.3 Instructors Integrating GenAI (IN)
This subsection analyzes the 56 responses from instructors who
reported integrating GenAI in their post-introductory courses. Sec-
tion 8.3.1 provides an overview of the general ways in which re-
spondents integrated GenAI. Section 8.3.2 summarizes the specific
activities used in their courses. Finally, Section 8.3.3 reports the
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Table 19: Personas of non-integrating instructors.

Persona Description

Pedagogical Guardian Concerned about learning, fundamentals,
inter-personal collaboration, assessment va-
lidity, fairness, and outcome alignment

Aloof Observer Doesn’t see relevance for their subject/module
(too theoretical, too advanced, or too basic)

Skeptical Resistor Strongly negative; believes AI erodes educa-
tion or ethics

Curious Overloaded Would like to adopt but lacks time, money, or
institutional clarity

Tentative Experimenter Dabbling or planning to adopt soon; not fully
integrated yet

positive and negative sentiments the respondents experienced from
these different forms of integration.

8.3.1 Ways of GenAI integration. Figure 6 shows the ways in
which integrating respondents have integrated GenAI into their
courses. Three of the “other” responses are instructors using GenAI
to create quizzes or generating distractors. The other three were
included using GenAI as a tutor or as a support tool to help students
with content generation or debugging.

Figure 6: The ways in which instructors have reported using
GenAI in practice.

The most common instructional use of GenAI was to allow stu-
dents to use it responsibly in assignments (𝑛 = 38), followed by
activities encouraging students to critically evaluate GenAI outputs
(𝑛 = 27) and to use GenAI for brainstorming and ideation (𝑛 = 26).
Less frequent, but still notable, were efforts to integrate GenAI into
course projects (𝑛 = 18) and to demonstrate GenAI tools in lectures
(𝑛 = 18). More specialized uses, such as employing GenAI to clarify
requirements (𝑛 = 9) or involving students in analyzing GenAI
with respect to ethics and bias (𝑛 = 9), appeared only occasionally.

8.3.2 Overview GenAI aspects from instructors’ activities:
A taxonomy of GenAI aspects was created in Section 6 and applied
to the activities found in the research literature. This taxonomy
was then applied to the activities that instructors described in Ques-
tion#8. Table 20 shows the distribution of GenAI aspects found.
Generate (43%) and evaluate (26%) overwhelmingly dominate the
table, accounting for 69% of the activities. The remaining aspects
are all below 10%.

Table 20: Percent of GenAI aspects by instructor activities.

Aspect of GenAI Use % Distribution

Generate 43
Evaluate 26
Reflect 8
Refine 8
Brainstorm 6
Interpret 4
Simulate 2
Get Feedback 2
Design 2

Whilst it is difficult to make a meaningful comparison of a re-
search study to an instructor’s response to a survey question, some
similarities worth reflecting upon appear. A chi-squared test of in-
dependence was used to compare the distribution of GenAI aspects
across research studies and instructor activities. The overall test
approached significance, 𝜒2 (8, 𝑁 = 214) = 14.35, 𝑝 = .073, with a
moderate effect size (Cramér’s𝑉 = .27). Standardized residuals indi-
cated the largest contributions to the divergence were from Interpret
(overrepresented in research studies, underrepresented in instructor
activity) and Get Feedback (similarly more common in research than
in practice). In contrast, Generate and Evaluate occurred more fre-
quently in instructor activities than in research, thoughwith smaller
contributions. These findings suggest that while both groups prior-
itize generative use of GenAI, research places greater emphasis on
interpretive and feedback-oriented applications, whereas instruc-
tors lean more heavily on direct generation and evaluation. One
final note: it is entirely possible some respondents also authored
papers included in the literature review.

8.3.3 Instructors’ GenAI Activities by Subject: Figure 7 pro-
vides a per subject breakdown of the GenAI aspects of use from
the instructors’ activities. The data shows that Generate is the most
common GenAI activity across domains, especially in Algorithms
and Data Structures (58%) and Human–Computer Interaction (57%),
with Web Development and Theoretical Computer Science also
showing notable use (40% each). Evaluate is broadly present in all
areas, peaking in Theoretical Computer Science (60%). Other activi-
ties are more domain-specific: Interpret and Simulate appear only
in HCI (14% each), Refine is found in Software Engineering, Web
Development, and Computer Games (20–22%), and Reflect appears
only in Algorithms and Data Structures (8%) and Web Development
(20%). Brainstorming is exclusive to Computer Games (60%), while
get feedback is rare, limited to Software Engineering (11%). No
activity was coded as Design.
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Figure 7: Heatmap of GenAI Aspects from instructor activities across different subjects, normalized by percentage.

Overall, the distribution suggests Algorithms and Data Struc-
tures and HCI emphasize generative and interpretive use, Theo-
retical Computer Science stresses evaluation, Web Development
balances several activities, and Computer Games is dominated by
brainstorming. In order to get a sense of the types of activities, the
following sections give a per-subject review.

Table 21: Activities for Algorithms and Data Structures.

Actor GenAI Activity

Student Generate code in advanced data structures course

Student Solve optimization problem; and
Evaluate generated solution for optimization problems

Instructor Generate code live in lecture in a peer instruction format;
and

Student Reflect upon live demo of GenAI code generation in class-
room

Student Use GenAI to create analogies of course concepts (e.g. recur-
sion) then explain it to a coursemate

Student Generate red-black coloring for binary trees; and
Evaluate the red-black coloring for binary trees output

Student Generate code; and
Evaluate code output

Instructor Generate incorrect code; and
Student Students review and debug incorrect code

Algorithms and Data Structures: This subject has the greatest
variety (𝑛 = 12) of responses. Table 21 summarizes the activities
instructors reported experimenting with; for clarity, responses were
edited into a common format that identifies the actor and states
the activity in the imperative. As shown in Figure 7, most activities
center on generation and evaluation, with only limited reflection.
Notably, some instructors described scenarios where the instruc-
tor uses GenAI to produce incorrect code and students are then

tasked with evaluating it as an artifact of GenAI. Several activi-
ties follow this call-and-response pattern of generate and evaluate,
underscoring the importance of critically assessing GenAI output
across different contexts.

Table 22: Activities for Software Engineering.

Actor GenAI Activity

Student Refactor programs to make use of design patterns; and
Evaluate each stage of a refactoring process using GenAI

Student Comprehend legacy code base

Student Evaluate software design using GenAI

Student Verify generated software requirements

Student Generate testing scenarios; and
Evaluate the testing scenarios; and
Refine testing scenarios using GenAI

Student Generate code for group assignment in systems engineering

Software Engineering: This subject has the second-greatest va-
riety of responses (𝑛 = 9). Table 22 summarizes the activities
instructors reported experimenting with. As shown in Figure 7, the
distribution was more balanced than in Algorithms and Data Struc-
tures, spanning generation, evaluation, interpretation, refinement,
and feedback, with evaluation the most frequent. Notable examples
include compound activities, where students progress through a
sequence of related tasks to achieve a larger goal (e.g., in testing),
as well as cases where GenAI is used to help interpret artifacts
considered especially challenging for junior students (e.g., legacy
code bases).

Human-Computer Interaction: This subject had seven individ-
ual activities, as shown in Table 23. Similar to Algorithms and Data
Structures, generation was the most common activity type; less
common were evaluation, interpretation, and simulation, as seen
in Figure 7. As in Software Engineering, several activities were com-
pound in nature, highlighting the versatility of GenAI in supporting
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Table 23: Activities for Human–Computer Interaction.

Actor GenAI Activity

Student Create personas; and Create prototypes; and
Generate code from prototypes

Student Generate cover letter; and Prepare for interview; and
Evaluate use of GenAI

Student Extract research design from given set of academic literature

existing practices. What stands out in HCI is the inclusion of an
activity simulating an interview, indicating a more sophisticated
use case of GenAI instructors are beginning to explore.

Table 24: Activities for Web Development.

Actor GenAI Activity

Student Optimize code and improve accessibility; and
Reflect on GenAI in the context of web app development

Instructor Generate web application with deliberate flaws; and
Student Evaluate generated web application with flaws

Student Generate model data by accessing the OpenAI API for a web
service to serve band information

Web Development: This subject had five reported activities, as
shown in Table 24. As illustrated in Figure 7, there was a modest
emphasis on generation, with evaluation, refinement, and reflection
comprising the remainder. Similar to Algorithms and Data Struc-
tures, instructors described compound activities in which GenAI
was used to deliberately introduce flaws into an artifact, a web
application, after which students were tasked with evaluating the
artifact and identifying the flaws. This cross-subject pattern sug-
gests a shared concern with developing students’ ability to critically
assess GenAI outputs. At a broader level, students were also en-
couraged to reflect on the role of GenAI within Web Development
courses.

Table 25: Activities for Theoretical Computer Science.

Actor GenAI Activity

Instructor Generate a proof; and
Student Evaluate a proof generated by GenAI

Instructor Generate answers to quiz questions; and
Student Evaluate correctness of generated quiz answers

Student Evaluate a proof generated by GenAI

Theoretical Computer Science: This subject had five reported
activities, as shown in Table 25. There was a strong emphasis on
evaluating generated artifacts, with a smaller focus on generation,

as seen in Figure 7. As might be expected in a theory-oriented
subject, the generation and evaluation of proofs was a recurring
theme. While the generation of learning materials has generally
been considered less interesting in this report because of its generic
nature, one instructor activity involving quizzes re-framed this
use by having students evaluate the quality of GenAI answers to
questions they themselves would eventually need to answer.

Table 26: Activities for Computer Games.

Actor GenAI Activity

Student Brainstorm sequels to previously developed game projects

Student Determine the cause of Unity game scene defects

Student Critical analysis of AI output

Instructor Brainstorm project requirements

Student Try out different prototype ideas for visual design

Computer Games: The final subject with a reasonable number of
activities (𝑛 = 5) is Computer Games, as shown in Table 26. What
distinguishes GenAI use in Computer Game courses from other
courses is the strong emphasis on using GenAI for brainstorming,
followed by evaluation and refinement, as seen in Figure 7. This
represents another instance of a higher-order use of GenAI, which
would otherwise require human participation. Although small in
number, it is notable that no activities involved generation. Finally,
there were no compound activities found.

Table 27: Activities for Remaining Topics.

Actor GenAI Activity

Student Free use of GenAI for database design; and Reflect on GenAI
use for database design
(Databases)

Instructor Generate scenarios for ERD and schemas
(Databases)

Student Generate code for OOP assignment; and Generate test code
for OOP assignment
(Object-oriented Programming)

Student Generate code; and Reflect on generated code
(Functional Programming)

Student Generate practice questions for data science practice
(Data Science)

Student Generate boilerplate code for communication system
(Distributed Systems)

Student Modify GenAI parameters and evaluate responses
(Machine Learning)
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Remaining Topics: Table 27 rounds up the activities instructors
shared from courses such as Databases, OOP, Functional Program-
ming, Data Science, Distributed Systems and Machine Learning.
As these subjects where underrepresented, they were excluded
from Figure 7. Most are based on generation activities for subject
specific artifacts.

8.3.4 Instructors’ experience with integrating GenAI tools.
To understand instructors’ experiences with integrating GenAI into
post-introductory courses, a thematic analysis was conducted, as
described earlier, on questions 6 and 7 from Table 31, identifying a
subset (𝑛 = 26) of respondents who shared their positive or negative
experiences.

In several cases, respondents mentioned negative experiences
while answering the question about positive experiences and vice
versa. Additionally, relevant experiences were also mentioned in
question 8 from Table 31. This also motivated the analysis of these
three questions collectively in order to obtain amore comprehensive
view and collect details that could have been missed had these
questions been analyzed in isolation.

8.3.5 Positive experience with integrating GenAI tools: In-
structors, regardless of the specific courses they are teaching, em-
phasize the importance of students developing solid evaluation
skills to work with GenAI output. As shown in Figure 6, the second
most commonly used activity is to ‘ask students to evaluate GenAI
outputs critically’. These include tasks requiring students to eval-
uate AI-generated artifacts provided by instructors (R41) or tasks
that require students to interact with GenAI directly (R108, R116,
R119).

A fair share of respondents in this subset reported positive ex-
periences when students engaged in comparative and critical
evaluation of GenAI output (𝑛 = 8):

R88 — “Asking students to critically evaluate GenAI’s replies
has worked well, as well as developing skills in prompt engi-
neering and the iterative and incremental use of GenAI rather
than single prompt-result.”

R94 — “General review of material, drill or review questions,
summarizing material, and evaluating quality of AI results
[worked well].”

R105 — “[. . . ] students must ask for two different solutions
for the same problem and then decide which one is the best
and explaining their decision. So, I would say "Ask students
to critically evaluate GenAI’s replies" works reasonably well.”

Among other positive experiences were students’ enhanced
abilities (𝑛 = 4) when using GenAI, as well as increased produc-
tivity and efficiency (𝑛 = 4), and improved academic outcomes
(𝑛 = 3):

R73 — “To allow/encourage students to use GenAI worked
well in some respects - the failure rate on the module was
lower than previous years, and the quality of work by the best
perfo[r]ming students is much higher.”

GenAI tools enabled students to “get a head start on their as-
signments” (R17 ), to get clear explanations of error messages in a
Database course (R111), to save time when debugging code in a Data
Visualisation course (R101), or to learn how GenAI can enhance

the development process in a Mobile Applications course (R134).
One respondent pointed out the GenAI’s paraphrasing ability to be
particularly helpful for students with limited English proficiency.

R107 — “When specifying/clarifying requirements, GenAI
can improve the phrasing to have clear requirements with
reduced ambiguities. This usually requires several iterations,
but the results are very useful, especially for non-native Eng-
lish speakers teaching a course in English.”

While GenAI tools have the potential to improve one’s abilities
and productivity, enabling them accomplish tasks they would not be
able to accomplish otherwise, a respondent expressed uncertainty
as to whether such help is ultimately beneficial or not:

R115 — “Some students reported that the LLM enabled them
to complete parts of the project that would otherwise have
been too difficult. I’m not sure if this is good or bad!”

Another respondent observed that improvement in one area does
not preclude the existence of issues elsewhere. This raises concern
about the extent to which GenAI-supported outputs reflect the real
depth of student engagement with the tasks.

R63 — “Requirements clarification is a little better although
they have trouble thinking critically about holes in require-
ments.”

Several respondents reported positive experiences of using cer-
tain activities, without specifying the details (𝑛 = 5).

R33 — “I think for all of them [critical evaluation; responsible
use] the effect was positive but limited.”

R54 — “Everything [activities: critical evaluation, demon-
stration of GenAI tools, responsible use, generating quizzes
for self check] worked fine, so i plan to continue.”

R79 — “It [brainstorming activity] worked well and I plan to
use it for other tasks as well”

R99 — “Requirements clarification worked pretty well because
it plays to the strengths of GenAI, while also requiring that
the students do work upfront themselves.”

R132 — “Both [activities: demonstration of GenAI tools,
responsible use] worked well, so planning to continue using
them.”

Engagement and motivation of students was also among the
positive experiences reported by the instructors (𝑛 = 2). One re-
spondent observed that students valued the opportunity to use
GenAI in their studies:

R18 — “[. . . ] many students really liked the freedom that being
able to use AI gives them - if they can use google [sic] and
StackOverflow, why not AI as well?”

An instructor in a Systems Programming course (R42) allowed
their students to use GenAI to complete assignments, assessing
them not on the code itself but on a group-based walkthrough video,
covering code development, testing and execution, details about
teamwork and workload distribution, and other aspects. According
to this instructor, the students enjoyed making these videos and
produced high-quality video content.
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8.3.6 Negative experience with integrating GenAI tools: De-
spite several instructors observing students’ ability to critically as-
sess GenAI output, a comparable number of respondents reported
that students displayed poor evaluation abilities (𝑛 = 8).

R39 — “students who used AI tools to generate the code often
had a fatal design flaw in their code and didn’t notice it.”
R43 — “Students (second year) are not able to evaluate GenAI’s
replies. Most of them used the generated code without under-
standing what it is supposed to do. For example, when faced
with the task of extracting some particular elements from an
HTML webpage, they relied on generated element IDs, and
they didn’t match the real ones.”
R48 — “Even when I have students criticize LLM outputs, they
are usually insufficiently critical, and explore few ways to
make the prompts more robust.”
One possible explanation for students’ poor evaluation abilities

may be the lack of skills, which – according to one of the respon-
dents – is rooted in ‘shortcutting’ and over-reliance tendencies at
introductory and mid-level CS courses:

R63 — “Critical evaluation does not work well because the
students, even after 2 semesters (CS1 and CS2) are unable to
read or evaluate generated code. They simply do not have the
skill because they blindly used GenAI in CS1 and CS2.”
In this respondent’s Advanced Software Design course, students

were asked to refactor code by converting it to factory and strategy
patterns using GenAI as a support tool. Although some students
performed well, others were confused, leading the instructor to the
following conclusion:

R63 — “Lesson learned: you cannot do this kind of activity
unless students have learned to read and write basic programs
without AI.”
The sentiments expressed by R63 regarding the lack of skills

in the context of evaluating GenAI output were echoed by other
respondents:

R64 — “The evaluation of replies didn’t work well because
students didn’t have the tools to evaluate well.”
R99 — “"Ask students to critically evaluate GenAI’s replies"
didn’t work so great because students didn’t have the back-
ground to know what a "good" solution looked like.”
Despite having negative experience with students’ critical evalu-

ation skills, one of the respondents stated they wanted to encourage
students to work on their prompt engineering techniques, and even
considered potential integration of GenAI into the final-year project,
albeit having concerns about the impact of such practice:

R48 — “I don’t consider that best practice and is more of
a "when you have a hammer, everything looks like a nail"
approach.”
This leads us back the issue of students having a skill gap (𝑛 = 4),

which appears to go hand-in-hand with shortcutting (𝑛 = 5) – the
practice of using GenAI as an easy way to get work done without
considering the implications:

R52 — “They would also memorize code and just regurgitate
it it back – this was obvious because they would often not
apply it to newly posed problem or would not be able to make

very minor syntax changes in the newly posed problem [...]
But since they spent the semester not writing any code, they
had a very surface level understanding of the language. Often
having no idea that they did not know.”

R126 — “The usage of GenAI tools made the students to jump
into the solution, without thinking about the problem.”

These responses suggest some students tend to use GenAI irre-
sponsibly, even when instructors explicitly stress the importance
of responsible use (𝑛 = 7).

R26 — “The responsible use is never very responsible. And
proper attribution is hard for them for some reason.”

R105 — “I’ve encouraged students to use GenAI responsibly
[...] most students seem to ignore these advices and just try to
blindly solve the problems with minimal effort.”

One of the respondents pointed out that the mere practice of
using GenAI in demonstrations may lead some students to believe
it is acceptable to use GenAI output directly:

R134 — “[...] often it is students thinking that if the lecturer
uses AI to show code examples, they can also use it without
thinking beyond copy and pasting code.”

Over-reliance on GenAI was among most common negative
experiences mentioned respondents (𝑛 = 8):

R35 — “They [students] do sometimes copy and paste with
minimal study of the content ...”

R41 — “Students just kept using gen AI as if it was an oracle.”

After observing students’ poor understanding and over-reliance
on GenAI, the instructor has made a plan to tackle these issues by
asking fundamental questions throughout the learning process:

R54 — “Students heavily used GenAI to solve the assignment.
Unfortunately, there were cases when authors didn’t under-
stand solutions. So now i plan to ask fundamental questions
and their own experience on 1-on-1 meetings during study.”

Being concerned about potential over-reliance, an instructor in a
graduate Software Engineering course proactively introduced oral
examinations as a preventative measure:

R115 — “To mitigate this problem in a grad SE course, I added
oral exams in which students had to walk a TA through some
of the code for their project.”

Poor activity design (𝑛 = 2) also led to negative experiences.
For instance, in a Databases course, the instructor allowed students
to use GenAI for clarifying requirements. However, this left some
students confused about the scope of a project (𝑅35). This highlights
the importance of providing students with clear specifications on
both GenAI usage and the scope of an activity.

Among other negative experiences highlighted by the respon-
dents was students’ low engagement (𝑛 = 2) with either activities
involving direct interaction with GenAI as part of assignments
or during sessions specifically designed to teach effective ways of
interacting with GenAI:

R73 — “a practical session which the students didn’t seem
to want to en[g]age with very deeply (the session involved
prompting code generation and then debugging and optimis-
ing the outputs.”
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Despite concerns about irresponsible use, some respondents
mentioned students’ reluctance or resistance (𝑛 = 4) to use
GenAI. In some cases, the students shared explicit negative attitudes
towards being required to use it. This suggests that some of them are
conscientious about the potential negative impact of over-relying
on these tools.

R18 — “I found that at times, students did not like being
able to use AI in coursework freely. At a metacognitive level,
many students reported that it made them feel as if they were
learning less.”

R73 — “I required students to use GenAI as part of their pro-
gramming assignment, and to write a reflective essay on their
experience doing so. However, some students told me they
were against using GenAI in their studies. Some students also
expressed concern that allowing the use of GenAI would make
the coursework "too easy" (which I didn’t agree with).”

R101 — “One common complaint is that the course "forces you
to rely on GenAI too much" and thus students didn’t feel like
they left [...] with a strong grasp of programming in JS / D3.”

8.4 Teaching GenAI-related skills
A total of 56 instructors provided feedback on the GenAI-related
skills they teach or reference (question 9 of Table 31). Of the in-
structors teaching at least one such skill, the most common option,
by a large margin, was prompt engineering (𝑛 = 26). Afterwards,
three skills related with artifacts were reported in similar num-
bers: artifact generation (𝑛 = 17), artifact refinement (𝑛 = 15) and
artifact evaluation (𝑛 = 14). A smaller number of instructors indi-
cated teaching students how to use GenAI to decompose problems
(𝑛 = 8). One educator selected ‘other’ and reported teaching criti-
cal thinking. Finally, multiple instructors reported teaching no such
skills (𝑛 = 25)5. Figure 8 presents a visualization of these results.

The relatively high proportion of instructors who are not ex-
plicitly teaching any GenAI-based skill (25 instructors, or 46.43%)
may indicate soft integration, where students are allowed to use
GenAI independently without much structure or guidance. The low
frequency of instructors teaching GenAI-based problem decompo-
sition is also noteworthy, since this is a higher-order, transferable
skill, that could facilitate students’ application of GenAI in complex
and open problems. A similar observation can be made for critical
thinking, which was reported by only a single instructor; however,
this skill was not one of the pre-specified options, and it is possible
many instructors do not consider it a GenAI-specific skill.

8.5 Changes to Assessment Practices
Table 28 shows the various changes to assessment practice instruc-
tors are considering based on their responses to question 13 of
the survey. questions 6 to 8 provided further insights into changes
within specific courses.

In a Data Visualization course where students were allowed to
use GenAI without restrictions, the instructor shifted their focus
from marking code to other aspects:

5The response ‘None of the above’ is interpreted as ‘No skills’ being taught, since
an ‘other’ option which allowed skill specification was also available but not used by
those respondents.

Figure 8: GenAI-related skills instructors teach in their
courses.

R101 — “I don’t grade student code at all; I only grade the cre-
ativity and quality of the visualizations that students make.”
The answers of other respondents suggest considering other

aspects such as students’ understanding of their own code / project
and their ability to think critically. For instance, an instructor teach-
ing Algorithms, Object-Oriented Programming and Mobile Com-
puting rewards transparency of GenAI use and critical thinking in
all of their modules:

R105 — “I give bonus points in the project if the students
include an interaction log with an LLM that is (1) related
with the project and (2) demonstrates critical thinking over the
LLM replies. In particular, students must ask for two different
solutions for the same problem and then decide which one is
the best and explaining their decision.”
Another instructor in Advanced Data Structures also relies on a

proctored assessment as a means to test students’ understanding.
This approach allows students to make their own choices about the
extent of GenAI usage:

R52 — “I stopped grading for correctness or giving much credit
for them [projects]. Instead, students complete on their own
(no autograder) and turn in only for completeness. Second,
I created "Project Evaluations" which is a paper, in person,
proctored assessment to test their understanding of the project.
This allows students to use Gen AI tools and each other as
much or as little as they’d like.”

8.6 Changes to Learning Objectives
The survey responses to question 10 regarding revision of learn-
ing objectives in response to students using GenAI indicate that
majority of the integrators (26 of 56; 84%) have not changed their
objectives, as seen in Table 29. However, 22 instructors provided
qualitative comments for question 11, which asked how they had
changed, or planned to change, the learning objectives of their
course in relation to GenAI usage. This section summarizes the
findings from thematic analysis of their comments.
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Category Change of Assessment Strategy # Distribution

Assessment Tasks Add an oral explanation of the deliverables 28
Design tasks that are harder for GenAI to solve 20
Ask for in-person feature changes (e.g., add a new feature to the delivered code) 13
Give more attention to validation of results (e.g., evidence of testing) 12
Create videos of their work 1

Focus on Reflection Emphasize responsible GenAI usage over GenAI-proofing 23
Give more attention to student reflection 20

Change in Grading Give more points to the process or development journey 19
Less weight in the grade for GenAI things 1

Assessment Type Use version control to monitor progress 4
Paper-based exams, labs and tests 3
More open-ended projects 1
No-Internet exams (either blue book or in an air-gapped testing room) 1
Use proctored exams 1

None No change 5

Uncertain Unsure about changes 2

Table 28: Changes to assessment practice in response to GenAI.

Table 29: Revision of Learning Objectives

Revision Status # Distribution

No 26
Not yet, but I’m planning 21
Yes 8
Not applicable 1

Seven of the 22 responses to question 11were not directly applica-
ble to the topic of changes to learning objectives. Three respondents
had plans to change learning objectives in future but had not fully
decided how this would be done. The remaining (𝑛 = 12) responses
focused on new learning objectives; the following themes were
identified from these.

Evaluating and understanding code was added to learning
objectives by several instructors (𝑛 = 10). This includes students
‘evaluating GenAI outputs’ and also evaluating their own code and
code written by others, demonstrating their understanding of its
workings. “Critical thinking” and “problem solving” codes were also
included in this theme. Instructors described their plans:

R17 — “I would like to change the learning objectives to ..
ensure that critical evaluation and analysis of existing or AI
generated code is included as part of the learning outcomes.”
R57 — “increase critical thinking and code comprehension
skills.”
Responsible and ethical use of GenAI was emphasized in

learning objectives by several respondents (𝑛 = 5). This theme also
included student reflection on their own practice. An instructor
who leads a course in Computer Ethics stated:

R94 — “I am planning on adding something regarding ethical
implications of AI as part of the learning objectives.”
AI competencywas a theme representing a couple of responses.

This involved adding learning objectives relating to appropriate

usage of GenAI tools in courses. One instructor noted their intent
to:

R94 — “Explicitly include something like ’appropriate use of
AI tools’ as part of the learning objective, as this is becoming
an expected professional skill.”

Project and teamwork was another theme noted, emphasizing
project management and software development processes rather
than focusing on the final product in learning objectives. The theme
includes codes such as “Design/organise large projects” (𝑛 = 1),
“More project oriented tasks” (𝑛 = 1) “Include teamwork” (𝑛 = 1),
“Prototyping with GenAI” (𝑛 = 1). One instructor summarized their
learning objectives as follows:

R42— “Objectives now involve teamwork, understanding/walk-
ing through code, making large organizational/design deci-
sions in code projects.”

A shift in course focus was reported by four respondents. One
instructor making such a shift encapsulated many of the above
themes in their response:

R85 — “GenAI influenced these revisions by making it im-
portant for students to learn how to use AI responsibly and
effectively, not just to build projects, but also to improve their
problem-solving and code review skills. The updated learn-
ing objectives now aim to prepare students for a modern de-
velopment environment where AI-assisted programming is
becoming common.”

8.7 AI Policies
A total of 52 instructors provided qualitative feedback on their in-
stitution’s or course-level GenAI policies. Their responses revealed
a spectrum of approaches, ranging from outright encouragement to
strict prohibition, as well as nuanced conditional allowances. The
following six themes have been identified.
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Policy presence describes whether a formal policy on GenAI
use exists at all. While most of the respondents reported having
clearly defined rules, a small number indicated that no formal guide-
lines are in place. This theme consists of two codes: “Has policy”
(𝑛 = 50) and “No policy” (𝑛 = 2). These numbers indicate that, in
most cases, instructors operate under some documented framework,
at the course or institutional level. The presence of a policy can
provide clarity, consistency, and a basis for addressing potential dis-
putes, whereas the absence of one may leave unclear expectations.
Notably, some “Has policy” responses described minimal restric-
tions, or blanket restrictions, suggesting these policies vary widely.
Responses include:

R133 — “The GenAI usage policies vary by each course, and
all clearly define dos and don’ts."

R116 — “GenAI is not officially allowed."

Mandatory, permissive or encouraging policieswere among
the most common. The dominant code, “AI is permitted” (𝑛 = 21),
reflects a broad openness to GenAI integration. A smaller group
explicitly encouraged use (“Use of AI is encouraged” (𝑛 = 3)), while
one policy even mandated it (“AI must be used for assignments” ). As
one instructor described:

R35 — “Students may, and in fact, must, use Gen AI at least
once on each assignment.”

Restrictive or prohibitive policies were also frequently re-
ported, representing a substantial number of all responses (𝑛 = 30).
These policies aim to limit GenAI use to protect assessment integrity
and ensure original student work.

The theme includes codes such as “AI must not be used for ex-
ams/tests” (𝑛 = 11), “AI use forbidden for entire tasks/assignments”
(𝑛 = 3), “AI is discouraged other than as a supplementary learning
tool” (𝑛 = 2), “AI can’t be used for essay or presentation” (𝑛 = 1),
“AI forbidden for certain assignments” (𝑛 = 1), “AI forbidden in class”
(𝑛 = 1), “AI must not be used for graded work” (𝑛 = 2), “Can only use
syntax/concepts taught in curriculum” (𝑛 = 2), “Forbidden” (𝑛 = 4),
“Forbidden with exceptions” (𝑛 = 3).

The diversity of restrictions, from complete bans to targeted lim-
itations, indicates that many instructors are still balancing between
acknowledging GenAI’s availability and protecting critical learning
moments from it. As one instructor explained:

R107 — “Students are allowed to use GenAI as a kind of sup-
plementary "learning tool" and are told that GenAI-generated
solutions for tasks such as assignments, homeworks, etc. lead
to attempted deception/plagiarism, even though we are not
able to check this.”

Conditional use based on task type was another recurring
pattern, reflecting a balanced approach between permission and
restriction. These policies allow GenAI in situations where it can
support learning, such as brainstorming, debugging, or exploring
alternative solutions. However, in these situations, instructors draw
clear boundaries around assessments or contexts where indepen-
dent problem-solving is essential.

This theme includes “AI permitted for assignments” (𝑛 = 7), “AI is
permitted for certain assignments” (𝑛 = 3), “AI is permitted for debug-
ging” (𝑛 = 1), “AI is permitted for idea evaluation and finding sources
only” (𝑛 = 1), “AI is permitted, unless explicitly forbidden” (𝑛 = 1),

“AI permitted for small code snippets” (𝑛 = 1), and “AI permitted
outside of class” (𝑛 = 1). The range of conditional allowances sug-
gests that many instructors see value in integrating AI as a scaffold
rather than a substitute for skill development. As one instructor
summarized their approach:

R85 — “Students are allowed to use GenAI tools (like Chat-
GPT or GitHub Copilot) for homework, studying, and project
brainstorming, as long as they understand and can explain
their work [...] However, GenAI tools are not allowed during
exams or for direct code copying in major projects. All use of
GenAI must be properly acknowledged.”

Policy communication emerged as a clear theme, showing that
simply having a policy is not enough. A policy must be explicitly
conveyed to students in a way that sets expectations and outlines
consequences. Instructors in this category focus onmaking the rules
transparent, often linking them to academic integrity standards
and institutional guidelines.

This theme includes “Document/attribute use” (𝑛 = 20), “Inform
about negative consequences (plagiarism)” (𝑛 = 1), and “Inform
students” (𝑛 = 1). Such policies help ensure that students understand
not only what is allowed and what is prohibited, but also why those
boundaries exist. The emphasis on communication also suggests
a preventive approach, aiming to reduce unintentional misuse of
GenAI by clarifying its appropriate role in coursework.

R71 — “The extent to which Gen AI can be used will be clearly
stated in the assignment. Gen AI tools used to generate course-
workmust be clearly marked, cited, and acknowledged; failure
to do so could constitute plagiarism."
R53 — “I plan to incorporate instructions for sensible use, if
they really want to use it, and explain how it might hinder
their learning if they use it heavily."

Responsible use expectations focus on fostering ethical, trans-
parent, and critical engagement with GenAI tools. Rather than
banning GenAI outright or allowing unrestricted use, these poli-
cies establish behavioral expectations designed to ensure students
remain active agents in their own learning.

This theme includes “Students should be able to explain their
work” (𝑛 = 5), “Inform students about GenAI” (𝑛 = 5), “Responsible
prompts” (𝑛 = 2), “Responsible use” (𝑛 = 1), and “Students should
double-check AI responses” (𝑛 = 1). Such guidelines encourage learn-
ers to critically evaluate AI-generated content, attribute its use
appropriately, and maintain ownership over the problem-solving
process. Instructors adopting this approach often see GenAI as
a tool to be mastered responsibly, not a shortcut to bypass skill
development. One respondent noted:

R119 — “GenAI is allowed but should be acknowledged and
used responsibly.”

8.8 Open GenAI Resources
This section summarizes the findings from question 15 about pub-
licly available resources for usingGenAI in post-introductory courses.
The results revealed there are almost no resources available on this
topic:
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Table 30: Transparency requirements for use of GenAI.

Transparency in GenAI use # Distribution

Declaration of any use 36
Attribution of GenAI-generated content 28
Summary of usage 19
Reflection on influence on process or results 19
No requirements 8
Full log of interactions or transcript 7
They are not permitted. 1

R41 — “I’ve looked, they are all really bad. They are about
18 months behind the state of the art and about 18 months
behind the students.”
However, a total of eight resources were mentioned in the survey.

Out of these, five are still under development and have not been
published yet. Therefore, they were not included in this paper. The
remaining three resources are complete and publicly available:

• Machine Learning course6 provides an overview of a self-
paced course designed to teach essential machine learning
concepts, algorithms, and real-world applications.

• AlphaZero Project7 is an assignment designed to guide
students in building an AI system inspired by AlphaZero,
developed by DeepMind.

• LensQL8 is AI-powered tool designed to support learning
and debugging in PostgreSQL.

Machine Learning course6. The first available resource is a com-
plete course used for teaching machine learning at a university. The
course includes 24 modules, covering topics from basic to advanced
levels. Exercises are marked with difficulty levels, and learning
materials include videos, interactive slides, and quizzes for theory.
For practice, students can access example slides, Jupyter notebooks,
in-IDE exercises, or participate in Kaggle competitions. The course
requires basic Python programming skills and foundational knowl-
edge of linear algebra and calculus. The materials are regularly
updated, with the author revising them each semester.

AlphaZero Project7. The second resource is a machine learning
assignment that can be used as part of a machine learning course.
The assignment introduces the core principles of AlphaZero’s ar-
chitecture by applying them to simpler board games like TicTacToe
and Connect Four. Students will learn key concepts such as Monte
Carlo Tree Search (MCTS), deep reinforcement learning, and neural
network design. The project involves implementing a simplified
AlphaZero algorithm, creating a Residual Neural Network (ResNet)
for game evaluation, using MCTS for move exploration, and train-
ing the system through self-play to iteratively improve its strategies.
The assignment is provided as an IDE course, which students need
to open and work on in the PyCharm IDE.

LensQL8. The last available resource is a tool designed to help
students learn SQL. The tool emphasizes error-based pedagogy,
helping students understand and learn from syntax, logic, and se-
mantic mistakes in their queries. It assists students in refining their
6Machine Learning course https://avalur.github.io/mlcourse/index.html
7AlphaZero Project: https://github.com/avalur/avalur.github.io/blob/master/
advanced_ml/hw_alpha_zero.md
8LensQL: https://lensql.ponzidav.com

query logic and provides instructors with insights into student
learning processes and challenges. The tool can be used as part of
a database systems course.

9 Discussion
This working group was motivated by the goal to discover how
computer science education is changing and adapting to the emer-
gence of GenAI in the post-introductory courses. Specifically, we
set out to answer the following research questions:
RQ1. What research literature exists on the integration of GenAI

into post-introductory computing courses in terms of sub-
jects and activities?

RQ2. How have instructors integrated GenAI into their post-
introductory computing courses?

RQ3.What are the higher-level trends on the use of GenAI within
post-introductory computing courses in terms of novel ac-
tivities, changes in assessment, skills development, usage
policies and learning objectives?

9.1 Literature Review Findings
In response to RQ1, the findings of the systematic literature review
map the current landscape of GenAI use in post-introductory com-
puting courses, identifying both the subjects in which it has been
reported and the forms of integration highlighted in the literature.
Although GenAI is still in the early stages of integration into the
CS curriculum, a clear trend emerges: Software Engineering domi-
nates the literature with 30 papers (37% of our dataset), followed by
Databases (10 papers), Human–Computer Interaction (10 papers),
and Algorithms & Data Structures (8 papers).

This distribution likely reflects both the immediate practical
relevance of GenAI to software development workflows and the
strength of existing research communities in these areas. Notably,
this trend echoes previous research on where the focus of comput-
ing education has been applied [90, 113]. There is a clear and wide
gap here as many subjects core to the CS curriculum (programming
languages, compilers, computer architecture, and so on) are not
represented.

While this imbalance is evident, the analysis also revealed strong
similarities in how GenAI has been employed across different sub-
jects. These similarities informed the development of our taxonomy
of use, which was then applied to the identified activities. A clear
trend found is the predominance of generation, which accounts for
33% of activities. Given the current exploratory phase of GenAI
adoption, this is unsurprising: each subject area is still probing what
can be generated and how such outputs might support learning.

Evaluation and interpretation together account for the next 34%
of activities. A cross-subject pattern involves the deliberate use
of flawed or incomplete GenAI outputs that students are tasked
with critiquing, debugging, or improving. This pairing aligns well
with professional practice, where the ability to critically assess and
refine generated artifacts is increasingly important. Interpretation
also featured prominently: when GenAI is used appropriately, it
can enable students to engage with significantly more complex
problems, such as navigating large codebases or understanding
intricate systems, well beyond the scope of typical instructional
examples.
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Another noteworthy finding is the emergence of higher-order
activities, such as simulation, role-playing, and the creation of
interactive experiences that would otherwise be difficult to design.
While these uses currently appear only sporadically across subjects,
they point to promising opportunities for developing rich learning
experiences that engage students at a deeper level.

Although reflection was less frequently observed, it was present
across multiple subjects. Here, GenAI was not typically used di-
rectly; rather, students were encouraged to reflect critically on how
their discipline is being reshaped by the challenges and opportuni-
ties presented by GenAI.

Finally, across subjects, several common positive sentiments
emerged. GenAI was frequently described as providing effective
scaffolding, enabling students to approach tasks that might other-
wise have been beyond their current abilities. In many cases, this
also translated into higher levels of engagement, as students were
able to experiment more freely and receive immediate feedback.
A further recurring theme was the role of GenAI in extending in-
structor support: by automating routine explanations or generating
practice material, it was seen as a way to scale assistance in contexts
where staff–student ratios are often a limiting factor.

In contrast, a set of shared concerns was also evident. Students
using GenAI often struggled with more advanced or nuanced tasks,
raising doubts about its reliability for higher-level learning ob-
jectives. Its tendency to produce repetitive or formulaic outputs
was also highlighted, potentially limiting the variety and creativity
of student work. Perhaps most prominently, there were concerns
around fostering over-reliance, with both students and instruc-
tors expressing unease that habitual dependence on GenAI might
undermine the development of independent problem-solving skills.

9.2 Instructor Survey Findings
In response to RQ2, the findings from the instructor survey pro-
vides a compliment to the review and captures a more intimate
account of how instructors are integrating GenAI and adapting
their established practices in light of its impact.

The instructor survey yielded 118 responses from computing ed-
ucators, with nearly half (47%) already integrating GenAI into their
post-introductory courses and the remaining 53% not integrating.
This balance suggests that while adoption is still emerging, GenAI
is no longer a niche phenomenon. Instead, it is becoming a live
issue for most instructors, regardless of whether they have already
integrated such tools.

The most frequently taught subjects among respondents were
Software Engineering, Algorithms & Data Structures, and Object-
Oriented Programming, echoing the pattern of results from the
literature review. Notably, there was no systematic subject bias
between integrators and non-integrators: instructors in both groups
were distributed across the same core subjects.

Non-integrators cited several overlapping reasons for hesita-
tion. Concerns about undermining foundational skills and fostering
over-reliance (𝑛 = 22) point to enduring anxieties around automa-
tion and the preservation of core disciplinary knowledge. Equally,
gaps in knowledge and guidance (𝑛 = 17) highlight the uneven-
ness of institutional support: many instructors appear willing but
uncertain about how to proceed responsibly. The fact that most

non-integrators (84%) nevertheless plan to adopt GenAI in the near
future suggests that hesitation is not rejection. Instead, many are
adopting a “wait-and-see” approach, looking for clearer evidence,
policies, or pedagogical frameworks before proceeding. This finding
aligns with broader observations in computing education, where
adoption curves often lag until early exemplars and resources are
available.

Among integrators, current practices emphasize responsible use
in assignments (𝑛 = 38), critical evaluation (𝑛 = 27), and brainstorm-
ing (𝑛 = 26). The predominance of generation (43%) and evaluation
(26%) reinforces the exploratory stage of adoption: instructors are
first testing what can be produced, and then immediately engaging
students in critique. Higher-order uses, such as simulation or role-
playing, remain rare but may signal directions for future innovation.
Taken together, these practices suggest that GenAI is being used
less as a replacement for traditional problem-solving and more as a
tool for provoking critical engagement and supporting ideation.

The teaching of explicit GenAI-related skills is uneven. While
prompt engineering (𝑛 = 26) was the most commonly mentioned,
nearly half of instructors (46%) reported teaching no explicit skills at
all. This divergence points to a tension: some instructors see GenAI
literacy as a skill in its own right, while others view GenAI as an ex-
ternal tool not requiring dedicated instruction in a subject-specific
context. Assessment adaptations, such as adding oral components,
designing GenAI-resistant tasks, or shifting emphasis from products
to processes, reflect an awareness that traditional evaluation models
may be insufficient in an AI-mediated learning environment. These
changes are small but significant nudges toward more authentic
assessment practices that could benefit computing education more
broadly.

Nearly 90% of respondents reported the existence of formal poli-
cies, ranging from outright bans to mandates for use. The most
common requirement was transparency through student declara-
tions of GenAI use (𝑛 = 36). This diversity of policy approaches
reflects an unsettled landscape: while institutions recognize the ur-
gency of responding to GenAI, consensus on best practice has not
yet emerged. The emphasis on transparency suggests a pragmatic
recognition that GenAI use cannot be eradicated, only managed.

Instructors reported both encouraging outcomes and pressing
challenges. On the positive side, GenAI appeared to foster crit-
ical evaluation when scaffolded, increased productivity and en-
gagement, and in some cases improved academic outcomes. Yet
challenges persist: students often accepted GenAI outputs uncrit-
ically (𝑛 = 8), relied on the technology excessively (𝑛 = 8), and
struggled to judge quality. These findings echo concerns from the
non-integrators, reinforcing the view that effective use of GenAI
depends not on access alone but on carefully designed pedagogy
that cultivates independent judgment.

Perhaps the most unfortunate finding is the lack of quality edu-
cational resources that instructors are either aware of or actively
using. Only three publicly available materials were identified from
our respondents. Most of the resources known to respondents were
deemed outdated or inadequate. This gap represents a possible bar-
rier to adoption and an opportunity: without shared, field-tested
resources, individual instructors are left to improvise, often dupli-
cating effort. At the same time, the need for resources highlights
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a clear area for collective investment by the computing education
community.

Taken together, these survey findings portray a field in transition.
Instructors are neither dismissing GenAI nor embracing it uncrit-
ically. Instead, they are experimenting at the margins, cautiously
adapting policies, and seeking to reconcile the opportunities for
engagement and productivity with the risks of dependency and
superficial learning.

9.3 Integrative Findings
In response to RQ3, we integrate the findings from both review and
survey to synthesize higher-level trends that are emerging with
regard to the integration of GenAI into post-introductory courses.

9.3.1 Transferrable Activity Patterns: From the activities ex-
tracted from the review and survey, we can begin to identify portable
designs that adapt across subjects while addressing subject-specific
pedagogical challenges:

Compound vs simple: A very general pattern that emerged
is that GenAI activities can become sophisticated in their
orchestration by combining multiple simple activities into a
more complex compound activity with GenAI being used in
several different ways at several different activity stages.

Generate then evaluate: Perhaps the most prevalent activity
paring across subjects were students must use GenAI to
generate an artifact and then either: evaluate it themselves
or use GenAI to assist them in evaluating it.

Critique then create: Students first evaluate and repair GenAI-
produced artifacts, then produce their own with tighter con-
straints and evidence requirements.

Test-first with GenAI support: Students write tests/specifica-
tions, use GenAI to propose implementations or traces, then
reconcile differences. This maintains focus on understanding
while leveraging AI capabilities.

Dual-path activities: Complete a task manually and with GenAI;
compare outputs, effort, and error profiles; reflect on when
GenAI helps or harms. This provides concrete experience
with the scaffolding vs. short-cutting tension.

Experience-based agents: Use structured prompts or role cards
(e.g., reviewer, debugger, planner, interviewer) to guide inter-
actions and simulate subject specific experiences previously
impossible without human participation.

Prompt reproducibility: Require students to submit minimal
reproducible prompts and seed context; evaluate clarity, con-
straints, and safety.

9.3.2 Paradoxes and Tensions: At the same time, there are con-
cerning paradoxes and tensions that can emerge, revealing the
double-edged nature of using GenAI in pedagogical contexts:

The Critical Evaluation Paradox: A curious finding from our sur-
vey is what we term the “critical evaluation paradox”: while in-
structors report success in teaching students to critically evaluate
GenAI outputs (𝑛 = 8), an equal number report that students fail to
develop these crucial skills (𝑛 = 8). This suggests that successful
GenAI integration requires more than simply asking students to
“think critically” about AI-generated content.

Successful implementations appear to share several characteris-
tics: explicit instruction in evaluation criteria and techniques, struc-
tured activities that compare GenAI outputs with human-generated
alternatives, clear rubrics and guidelines for assessment, and itera-
tive practice with immediate feedback.

The Scaffolding versus Shortcutting Tension: Our findings reveal a
fundamental tension in GenAI integration: the same tools that can
provide valuable scaffolding for learning can also enable academic
shortcutting. The determining factor appears to be instructional
design rather than the technology itself. Effective scaffolding imple-
mentations provide instructor-designed prompts, require reflection
and documentation of GenAI usage, focus on process rather than
product in assessment, and maintain clear boundaries around ap-
propriate use.

9.3.3 Skills Development Framework. Both our literature re-
view and survey data highlight the emergence of new skill require-
ments for students in GenAI-enhanced computing education:
In terms of Technical Skills:

• Prompt engineering and iterative refinement techniques
• Critical evaluation of AI-generated artifacts using domain-
specific criteria

• Understanding of GenAI capabilities and limitations across
different computing contexts

• Integration of GenAI tools into professional development
workflows

In terms of Metacognitive Skills:
• Reflection on GenAI usage and its impact on learning
processes

• Recognition of when GenAI assistance is appropriate ver-
sus counterproductive

• Development of GenAI literacy and ethical reasoning in
professional contexts

• Calibration of confidence in GenAI-assisted vs. indepen-
dent work

9.3.4 Impacts of Assessment and Usage Policies: The survey
revealed that GenAI integration is already reshaping both assess-
ment practices and course-level usage policies. Instructors are ex-
perimenting with new forms of evaluation that emphasize process
over product and introduce safeguards against over-reliance on
GenAI. At the same time, policies governing GenAI use remain
highly varied, yet certain common patterns are emerging across dis-
ciplines. The following lists summarize the key trends in assessment
adaptations and usage regulations.
In terms of Assessment:

• Shift fromproduct to process – oral explanations, devel-
opment journey documentation, reflection requirements

• GenAI-resistant task design – harder problems, in-person
feature modifications, proctored components

• Transparency mandates – require some form of GenAI
usage declaration

• Multi-modal assessment – combining traditional exams
with GenAI-assisted projects

In terms of Usage Policies:
• Conditional permissions prevail – task-specific allowances
rather than blanket policies
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• Responsible use emphasis – transparency and attribu-
tion requirements standard

• Subject-agnostic approaches – similar policy patterns
across disciplines

• Institutional vs. course-level variation – mixed gover-
nance approaches

9.3.5 Implications for LearningObjectives. Few papers explic-
itly raise or revise Learning Objectives (LOs) despite the impacts of
GenAI, yet our survey found that instructors who did modify their
courses focused on specific competencies, which might include
some that align with our taxonomy of GenAI use.
Critical evaluation and verification: Detecting, localizing, and

correcting GenAI errors; triangulating with tests, specifica-
tions, or multiple tools - including evaluating and under-
standing both AI-generated and human-written code.

Responsible and effective GenAI use: Crafting reproducible
prompts, documenting provenance, and articulating when
and why to trust outputs - encompassing responsible and
ethical use of GenAI tools as emerging professional skills.

Iterative improvement: Using GenAI for feedback and refine-
ment while maintaining human oversight and standards
of evidence - developing enhanced critical thinking and
problem-solving capabilities.

Design and planning with GenAI: Leveraging GenAI to expand
option sets, surface constraints, and reason about trade-offs
- particularly valuable in complex system design tasks.

Communication about GenAI-assisted work: Explaining deci-
sions, limitations, and ethical considerations to technical and
non-technical audiences - essential for professional practice.

Aligning activities to explicit LOs clarifies permissible GenAI
support, aids fair assessment, and helps students internalize where
GenAI can accelerate learning versus where independent mastery
is required.

9.4 Implications of Findings
In brief, we can highlight several major implications:

(1) Post-introductory subjects are developing and evaluating
subject-specific activities that integrate GenAI in novel ways.

(2) These activities range from simple to complex, with emerg-
ing experience-based activities representing an especially
promising development for learning.

(3) Common aspects of these activities can be observed across
subjects, suggesting opportunities for cross-disciplinary in-
spiration and adaptation.

(4) Several foundational subjects were not captured by the in-
struments of this report, leaving notable gaps and opportu-
nities to design additional subject-specific activities.

(5) Most instructors have either already integrated GenAI or
are actively moving toward integration. While some remain
hesitant, they represent a minority.

(6) Skills, assessment practices, usage policies, and learning out-
comes remain in a fluid state. The literature offers limited
guidance, and our findings suggest that instructors are only
beginning to navigate these changes within their own per-
sonal and professional contexts. This situation likely mirrors

introductory courses, where both students and instructors
are adapting in real time to the evolving presence of GenAI.

(7) A third actor is emerging in educational settings: alongside
students and instructors, GenAI functions as a flexible and
adaptive agent, elevating its role from tool to mediator of
learning interactions.

9.5 Working Group Recommendations
The following recommendations emerge from our synthesis of the
literature and survey findings. While some remain exploratory, we
hope they can stimulate further debate and concrete action within
the community.

(1) In line with broader CSEd research, introductory courses
dominate the research literature (we identified over 200 rel-
evant papers), while post-introductory subjects remain un-
derrepresented. The same imbalance is visible in current
GenAI work. We encourage the community to build on the
promising activities documented in this report and expand
contributions in post-introductory courses.

(2) We recommend developing shared repositories for GenAI-
based activities, inspired by initiatives such as Nifty Assign-
ments and the Canterbury Question Set. Such platforms would
enable instructors to share, adapt, and validate activities in
a more open and accessible manner.

(3) We encourage instructors to adopt, adapt, and report on
the activities highlighted in this report, including providing
replication and validation data. This evidence base will help
identify which approaches are most effective for supporting
student learning across diverse contexts.

(4) Our analysis of literature and instructor practices informed
the proposal of a taxonomy of GenAI use aspects. We suggest
that applying such a taxonomy can help structure the design
of activities in a way that makes them more interpretable
and transferable across subjects. The taxonomy itself is a
first step towards establishing a more theoretical lens for
studying use of GenAI in computing education.

(5) We recommend prioritizing the development of high-quality
educational resources to address the severe resource gap
identified in the survey. Collaborative, community-driven
materials will reduce duplication of effort and support more
equitable access to effective practices.

(6) Finally, we encourage dialogue around assessment and policy
design. Instructors are already experimenting with GenAI-
resistant tasks, process-focused evaluation, and varied policy
approaches, but there is little consensus. Community-driven
guidelines could help balance responsible use, academic in-
tegrity, and innovation in pedagogy.

9.6 Limitations
9.6.1 Limitations of the Systematic Literature Review. The
WG team acknowledges that the results presented here are neces-
sarily constrained by the methodological decisions and resources
available during this work. Key limitations include:

• The challenge of constructing search strings that identified
all relevant publications without generating an unmanage-
able number of false positives.
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• Restricting the search to two databases, which may have
omitted relevant publications found in other sources.

• The increasing tendency for work to be published first on
preprint servers such as arXiv, whichwere not systematically
included.

• Alternative search strategies (e.g., snowballing) may have
provided broader coverage; this was raised in our ITiCSE
discussions (cf. Tony Clear, personal communication).

• Inconsistencies in paper classification and judgment across
a team of 15 reviewers, despite calibration efforts.

• Variability in the methodology used for clustering subjects
and analyzing subject categories.

• The treatment of borderline cases, where inclusion or exclu-
sion decisions were not always straightforward.

• The taxonomy of aspects emerged inductively during analy-
sis rather than being predefined. While inductive coding is
appropriate in a new and underexplored area, a deductive
approach might have yielded greater consistency.

9.6.2 Limitations of the Instructor Survey. The instructor sur-
vey also carries several limitations that should temper interpretation
of the results:

• As with all voluntary surveys, there is the possibility of
self-selection bias, where those with stronger views or expe-
riences regarding GenAI were more likely to respond.

• The survey relied on self-reported practices, which may not
always reflect actual classroom implementation.

• The findings related with public resources reported on sec-
tion 8.8 (Open GenAI Resources) and discussed on section 9.2
(Instructor Survey Findings) should be interpreted cautiously,
as the survey workflow, which required the instructor to lo-
cate and paste URLs, might have contributed to some degree
of underreporting.

• The dataset, while international, may not be fully represen-
tative of all computing education contexts, particularly in
regions or institutions where GenAI integration is less ad-
vanced.

• Several questions invited open-text responses, which can
introduce variability in interpretation and coding despite
efforts to normalize categories. Furthermore, we accept there
may have been a researcher bias in our selection, however
multiple authors reviewed the responses for balance.

• Because responses came from a convenience (non-probability)
sample and we counted themes from coded open-ended an-
swers, the numbers are indicative instead of population esti-
mates. The results might have differed if we asked partici-
pants to rate each theme directly.

9.7 Future Work
A clear outcome of this working group is the recognition that
the computing education community is still in the early stages
of transitioning toward a future where GenAI is an integrated
component in the teaching/learning process preparing students for
careers of the future. This work provides a comprehensive overview
of the state of the art in 2025, but it would be foolish to expect that
similar efforts will are not needed in the coming years to capture the

progress and maturation of GenAI integration across all subjects
and levels.

This team’s crystal ball sees potential benefit to the educational
community from:

• Longitudinal studies of students who used / didn’t use GenAI
in courses

• Capabilities of GenAI in both solving problems and support-
ing teaching and learning in specific courses

• Studies on the evolution of desirable career skills and em-
ployer expectations

Additionally, the team sees a need for a clear set of GenAI-specific
learning outcomes for courses and computing programs that could
guide the evolution of degree programs.

As the field develops, it is likely that individual subdisciplines
will need to engage in their own introspection, examining both how
GenAI is being used and how it is shaping disciplinary practice.
Looking further ahead, perhaps a decade from now, our collective
efforts may be complemented by reviews that weave together these
independent yet interconnected threads of evolution.

10 Conclusion
GenAI has already had a profound impact on computer science
education in its short history, and its influence will continue to
grow. In this work, we focused specifically on how that impact is
being addressed in post-introductory courses. Our review revealed
an emerging landscape of creative and engaging activities that
leverage GenAI to open new frontiers for teaching and learning.
Students are now asked not only to generate and interpret, but also
to evaluate, brainstorm, design, refine, simulate and reflect with
the support of GenAI as they engage with disciplinary content.

At the same time, both researchers and instructors express mixed
views on how best to integrate GenAI into the curriculum in ways
that are responsible, rational, effective, and ethical. The challenge is
compounded by the rapid pace of change: today’s students already
require skills that were difficult to anticipate even five years ago.

Taken together, our findings suggest that the field of computer
science education is moving forward both confidently and cau-
tiously toward integrating GenAI across the curriculum. Yet it is
equally clear that much work remains to be done.

Use of AI Declaration
The authors of this report have followed the ACM Policy on Au-
thorship GenAI was used in the following ways in this report:

• Smoothing flow and academic tone of text throughout the
major report sections. Note we used an internal policy: we
write-first, GenAI suggests edit second, we write/edit last.
All grammar bugs belong to the humans.

• Providing guesses of a paper’s focus based on title/abstract.
Source code is publicly available for scrutiny on GitHub.

• Providing review of a paper’s content using a common struc-
tured prompt – note all papers were reviewed by authors
and both the GenAI summary and human summary were
used in various places.

• Detecting themes in qualitative data derived from the origi-
nal data – note no respondent data was sent to any GenAI.
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• Producing the code to visualize statistics in charts and tables
in section 6 and section 8.

“The Rest of the Robots”
Some readers may find the first part of title of this report familiar as
“The Rest of the Robots” is the title of a collection of short stories
by Isaac Asimov [7]. The back cover of the 2018 paperback edition
reads, in part: “Asimov’s collection of short stories uncovers the prac-
tical and ethical issues humanity will encounter in a robotic future”.
While this WG leaves the topic of ethics for others to address, it is
hoped this report uncovers practical issues humanity faces in this
robotic present. Additional inspiration for the title of this paper
was derived from a previous ITiCSE WG paper, “The Robots are
Here . . . " [94], which itself was inspired by an ACE paper, “The
Robots are Coming . . . " [36]. It is our pleasure to acknowledge their
work, implicitly and explicitly.
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A Validation Set of Papers
The following two sets of papers were used to help develop the search string and validate its performance in the systematic literature review
(see Section 5).

WGMembers Suggestions
The following is the set of papers used to validate the search string for the systematic literature review. It consists of papers suggested by
WG members that should be included as upper-computing relevant.
10.1145/3641554.3701785 — Understanding the Impact of Using Generative AI Tools in a Database Course
10.1145/3649165.3690116 — Can ChatGPT pass a Theory of Computing Course?
10.1145/3641555.3705243 — Scaffolding Mock Conference Projects in Theory of Computing Courses
10.1145/3641554.3701946 — Investigating the Capabilities of Generative AI in Solving Data Structures, Algorithms, and Computability

Problems
10.1145/3641554.3701823 — Analysis of Generative AI Policies in Computing Course Syllabi
10.1145/3633053.3633057 — Incorporating Generative AI into Software Development Education
10.1145/3639474.3640052 — LLMs Still Can’t Avoid Instanceof: An Investigation Into GPT-3.5, GPT-4 and Bard’s Capacity to Handle

Object-Oriented Programming Assignments
10.1145/3641554.3701800 — Students’ Use of GitHub Copilot for Working with Large Code Bases
10.1145/3663649.3664371 — Integrating LLMs into Database Systems Education
10.1145/3626252.3630927 — Software Engineering Education Must Adapt and Evolve for an LLM Environment
10.1145/3643795.3648379 — An Empirical Study on Usage and Perceptions of LLMs in a Software Engineering Project
10.1145/3626252.3630874 — Implications of ChatGPT for Data Science Education
10.1145/3576123.3576134 — My AI Wants to Know if This Will Be onthe Exam: Testing OpenAI’s Codex on CS2 Programming Exercises
10.1145/3706599.3720291 — Utilizing ChatGPT in a Data Structures and Algorithms Course: A Teaching Assistant’s Perspective
10.1109/CSEET62301.2024.10663055 — Leveraging Open Source LLMs for Software Engineering Education and Training
10.1109/TE.2024.3467912 — An LLM-Driven Chatbot in Higher Education for Databases and Information Systems
10.1109/FIE61694.2024.10893211 — LLM-Enhanced Learning Environments for CS: Exploring Data Structures and Algorithms with

Gurukul

Raihan Papers from SIGCSE TS 2025
To extend the validation set further, we extracted the upper-computing relevant papers from [98].
10.1145/3716640.3716657 — Analyzing llm usage in an advanced computing class in india
10.1145/3587102.3588814 — Gpt-3 vs object oriented programming assignments: An experience report
10.1145/3580305.3599827 — From human days to machine seconds: Automatically answering and generating machine learning final exams.
10.1145/3636243.3636263 — More than meets the ai: Evaluating the performance of gpt-4 on computer graphics assessment questions
10.1145/3638067.3638100 — May we consult chatgpt in our human-computer interaction written exam? an experience report after a

professor answered yes
10.1145/3585059.3611409 — Teaching it software fundamentals: Strategies and techniques for inclusion of large language models: Strategies

and techniques for inclusion of large language models
10.1145/3613904.3642349 — Teach ai how to code: Using large language models as teachable agents for programming education
10.1145/3622780.3623648 — A seamless integration of chatgpt into jupyter environments for programming education
10.1145/3631802.3631830 — Codehelp: Using large language models with guardrails for scalable support in programming classes
10.1145/3545945.3569785 — Experiences from using code explanations generated by large language models in a web software development

e-book
10.1145/3674149 — Evaluating chatgpt-4 vision on brazil’s national undergraduate computer science exam
10.1145/3616961.3616974 — "call me kiran" – chatgpt as a tutoring chatbot in a computer science course
10.1145/3605507.3610629 — Dual-submission homework in parallel computer architecture: An exploratory study in the age of llms
10.1145/3585059.3611431 — Chatgpt for teaching and learning: An experience from data science education
10.1109/qrs60937.2023.00028 — On chatgpt: Perspectives from software engineering students
10.1109/vl/hcc60511.2024.00022 — Chatgpt in data visualization education: A student perspective
10.1109/esem56168.2023.10304857 — Evaluating the impact of chatgpt on exercises of a software security course
10.1109/csce60160.2023.00171 — Analysis of chatgpt performance in computer engineering exams
10.1109/icstw58534.2023.00078 — Chatgpt and software testing education: Promises & perils
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B Lower Computing Literature Set
Someone, somewhere might find this set of papers (𝑛 = 218) useful to kickstart a future literature review of papers we judged as belonging to
lower computing. . .

(1) 10.1109/FIE58773.2023.10343457
(2) 10.1145/3657604.3662032
(3) 10.1145/3636243.3636249
(4) 10.5555/3715622.3715630
(5) 10.1109/LA-CCI62337.2024.10814750
(6) 10.1145/3639474.3640058
(7) 10.1109/JICV59748.2023.10565716
(8) 10.1109/EDUCON60312.2024.10578746
(9) 10.1145/3649409.3691090
(10) 10.1145/3581754.3584111
(11) 10.1145/3641555.3705066
(12) 10.1145/3649217.3653554
(13) 10.1145/3643795.3648389
(14) 10.1145/3657604.3662036
(15) 10.1145/3627217.3627235
(16) 10.1145/3641555.3705282
(17) 10.1145/3617367
(18) 10.1145/3631802.3631848
(19) 10.1145/3626253.3633433
(20) 10.1145/3663384.3663393
(21) 10.1145/3657604.3662039
(22) 10.5555/3737313.3737334
(23) 10.1145/3641554.3701806
(24) 10.1145/3649405.3659504
(25) 10.1145/3501385.3543957
(26) 10.1145/3636243.3636259
(27) 10.1145/3699538.3699567
(28) 10.1145/3716640.3716656
(29) 10.1145/3649409.3691093
(30) 10.1109/TE.2024.3394060
(31) 10.1145/3626252.3630863
(32) 10.1145/3490100.3516473
(33) 10.1145/3587102.3588794
(34) 10.1109/EDUCON62633.2025.11016417
(35) 10.1109/ACCESS.2024.3443621
(36) 10.1145/3649165.3690123
(37) 10.1145/3605468.3609775
(38) 10.1145/3641554.3701906
(39) 10.1109/WSC63780.2024.10838799
(40) 10.1145/3626252.3630761
(41) 10.1109/ACCESS.2024.3380909
(42) 10.1109/ISAS60782.2023.10391549
(43) 10.1145/3626253.3635483
(44) 10.1145/3716640.3716651
(45) 10.1145/3701268.3701274
(46) 10.1145/3626252.3630789
(47) 10.1145/3613904.3642773
(48) 10.1145/3649165.3690113
(49) 10.5555/3715602.3715619
(50) 10.1109/MIPRO60963.2024.10569736
(51) 10.1145/3641554.3701910
(52) 10.1145/3716640.3716649
(53) 10.1109/EDUCON62633.2025.11016313
(54) 10.1145/3649217.3653568
(55) 10.5555/3665464.3665476
(56) 10.1145/3627217.3627233
(57) 10.1145/3657604.3664673

(58) 10.1145/3649850
(59) 10.1145/3649217.3653600
(60) 10.1145/3617650.3624946
(61) 10.1145/3545945.3569823
(62) 10.1145/3723178.3723268
(63) 10.1145/3649217.3653558
(64) 10.1109/EDUCON62633.2025.11016505
(65) 10.1145/3649409.3691076
(66) 10.1145/3631802.3631807
(67) 10.1109/FIE58773.2023.10343037
(68) 10.1145/3632621.3671429
(69) 10.1145/3641554.3701974
(70) 10.1145/3641555.3705051
(71) 10.1145/3626253.3635592
(72) 10.1109/EDUCON60312.2024.10578718
(73) 10.1145/3641554.3701945
(74) 10.1145/3626252.3630773
(75) 10.1145/3632620.3671116
(76) 10.1109/FIE61694.2024.10893099
(77) 10.1145/3716640.3716652
(78) 10.1109/ISEC61299.2024.10665141
(79) 10.1145/3641554.3701883
(80) 10.1109/UEMCON62879.2024.10754661
(81) 10.1145/3636555.3636882
(82) 10.1109/URTC65039.2024.10937513
(83) 10.1109/REEPE60449.2024.10479881
(84) 10.1145/3649217.3653621
(85) 10.1145/3737885
(86) 10.1145/3641555.3705195
(87) 10.1109/FIE58773.2023.10343247
(88) 10.1145/3641554.3701934
(89) 10.1109/ACCESS.2024.3445432
(90) 10.1145/3657604.3664701
(91) 10.5555/3715638.3715656
(92) 10.1145/3706599.3720203
(93) 10.1145/3631802.3631830
(94) 10.1145/3626252.3630817
(95) 10.5555/3722479.3722526
(96) 10.1145/3511861.3511863
(97) 10.1145/3626253.3635519
(98) 10.1145/3649217.3653543
(99) 10.1145/3568813.3600139
(100) 10.1145/3626253.3635542
(101) 10.1145/3649217.3653574
(102) 10.1109/FIE61694.2024.10892816
(103) 10.1109/ICEED62316.2024.10923780
(104) 10.1145/3649217.3653587
(105) 10.1145/3639474.3640061
(106) 10.1145/3639474.3640076
(107) 10.1145/3616961.3616974
(108) 10.5555/3665609.3665618
(109) 10.1145/3649409.3691073
(110) 10.1145/3641554.3701864
(111) 10.1145/3699538.3699556
(112) 10.1145/3641555.3705227
(113) 10.1145/3641554.3701791
(114) 10.1145/3626252.3630764

(115) 10.1145/3641554.3701853
(116) 10.1109/ICEED62316.2024.10923833
(117) 10.1145/3544548.3580919
(118) 10.1145/3613905.3637148
(119) 10.1145/3622780.3623648
(120) 10.1145/3657604.3664665
(121) 10.1145/3649217.3653596
(122) 10.1145/3649217.3653608
(123) 10.1145/3626253.3635427
(124) 10.1145/3613904.3642706
(125) 10.1109/FIE61694.2024.10893137
(126) 10.1145/3706468.3706529
(127) 10.1145/3641554.3701810
(128) 10.1145/3701716.3717810
(129) 10.1145/3636243.3636252
(130) 10.1145/3641554.3701959
(131) 10.1145/3641554.3701827
(132) 10.1109/EDUCON60312.2024.10578921
(133) 10.1145/3640544.3645234
(134) 10.1145/3576882.3617916
(135) 10.1145/3631700.3665227
(136) 10.1145/3624032.3624035
(137) 10.1109/ITHET61869.2024.10837624
(138) 10.5555/3715638.3715650
(139) 10.1145/3641555.3704765
(140) 10.1109/HNICEM60674.2023.10589162
(141) 10.1109/QRS62785.2024.00027
(142) 10.1145/3641554.3701913
(143) 10.1145/3641555.3705253
(144) 10.1145/3649217.3653594
(145) 10.1145/3649405.3659517
(146) 10.1109/FLLM63129.2024.10852455
(147) 10.1109/ISEC61299.2024.10665172
(148) 10.1145/3587102.3588852
(149) 10.1145/3699538.3699580
(150) 10.1145/3701268.3701273
(151) 10.1109/DEMOcon63027.2024.10748200
(152) 10.1109/TALE62452.2024.10834365
(153) 10.1145/3706598.3713832
(154) 10.1145/3649165.3690125
(155) 10.1145/3634814.3634816
(156) 10.1145/3649217.3653584
(157) 10.1145/3558489.3559072
(158) 10.1109/SEEDA-CECNSM63478.2024.00031
(159) 10.1145/3613905.3650937
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(163) 10.1145/3593663.3593692
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(165) 10.1145/3716640.3716647
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C Educator Survey

Table 31: Survey Questions for Instructors Using Generative AI in Upper-Level Computing Courses

Topic ID Question Options

Background Information
on upper-level courses

1
What upper-level computing courses (i.e., beyond CS1
/ Introduction to Programming / similar) do you cur-
rently teach?

• AI / ML
• Algorithms
• Compilers
• Computer Networks
• Databases
• OOP
• Operating Systems
• Software Engineering
• Theory of Computation
• HCI
• Web Development
• Mobile Computing
• Other

2 Have you integrated Generative AI tools in at least
one advanced or upper-level computing course?

• Yes
• No

Questions for Instructors that have not integrated GenAI into upper-level courses

Reasons not using GenAI
and possible ways to

integrate it

3
Please explain the reasons why you have not yet
started to adopt Generative AI (e.g. lack of institu-
tional support, lack of knowledge, etc.)

N/A, an open-ended question

4

Which of the following ways do you plan to integrate
Generative AI tools (e.g., ChatGPT, GitHub Copilot)
into your upper-level computing courses? (Select all
that apply)

• Brainstorming (e.g., generate project or func-
tionality ideas, discuss topics, etc.)

• Requirements clarification (e.g., use the GenAI
to reduce ambiguity in requirements, or fur-
ther break requirements down, etc.)

• Ask students to critically evaluate GenAI’s
replies (e.g., evaluate generated code)

• Integrate GenAI into course projects (e.g., pair
programming with GenAI, GenAI-specific re-
quirements, etc.)

• Demonstrate GenAI tools during lectures (e.g.,
live walkthroughs or examples)

• Allow/encourage students to use responsibly
GenAI during assignments (without dedicated
tasks around it)

• Involve students in studying or analyzing
GenAI itself (e.g., model behavior, ethics, bi-
ases)

• I do not plan to integrate GenAI in my courses
• Other

Continued on next page
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Table 31 – Continued from previous page

Topic ID Question Options

Questions for Instructors that have integrated GenAI into upper-level courses

General strategies to use
GenAI

5

Which of the following ways have you integrated
Generative AI tools (e.g., ChatGPT, GitHub Copilot)
into your upper-level computing courses? (Select all
that apply)

• Brainstorming (e.g., generate project or func-
tionality ideas, discuss topics, etc.)

• Requirements clarification (e.g., use the GenAI
to reduce ambiguity in requirements, or fur-
ther break requirements down, etc.)

• Ask students to critically evaluate GenAI’s
replies (e.g., evaluate generated code)

• Integrated GenAI into course projects (e.g.,
pair programming with GenAI, GenAI-
specific requirements, etc.)

• Demonstrated GenAI tools during lectures
(e.g., live walkthroughs or examples)

• Allowed/encouraged students to use GenAI
during assignments (without dedicated tasks
around it)

• Involved students in studying or analyzing
GenAI itself (e.g., model behavior, ethics, bi-
ases)

• Other

6

For the activities you selected in the previous question,
which ones worked well? Are you planning to con-
tinue using them, and are there any changes you’re
planning to make?

N/A, an open-ended question

7

For the activities you selected in the previous question,
which ones did not work well? Are you planning to
continue using them or discontinue them, and are
there any changes you’re planning to make?

N/A, an open-ended question

8

Can you provide us with some concrete examples of
GenAI-based activities that you have experimented
with? Describe: the course(s), the task(s), the assess-
ment mechanism(s), and any lessons learned. If you
provide more than one example, please separate them
using "***".

N/A, an open-ended question

9 Which of the following skills do you explicitly teach
or reference in your course? (Select all that apply.)

(1) General prompting skills (e.g., rephrasing, re-
fining, reducing ambiguity)

(2) Prompt engineering techniques (e.g., few-shot,
chain-of-thought prompting, etc.)

(3) Instruction on using GenAI tools to decom-
pose problems

(4) Instruction on using GenAI tools to generate
artifacts (e.g., code, SQL, user-interface proto-
types, . . . )

(5) Instruction on using GenAI tools to test solu-
tions (e.g., code, SQL, etc.)

(6) Instruction on using GenAI tools to analyse
and improve solutions (e.g., debug, etc)

(7) Instruction on using GenAI tools to under-
stand/explain artifacts (e.g., code, SQL, etc.)

(8) Other
(9) None of the above

Continued on next page
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Table 31 – Continued from previous page

Topic ID Question Options

Learning Objectives Revi-
sion

10

Have you revised the learning objectives (e.g.,
Intended Learning Outcomes, Course Objectives,
Course Outcomes) of any upper-level computing
course in response to students using GenAI tools in
the course?

(1) Yes
(2) Not yet, but I’m planning to
(3) No
(4) Not applicable

11

In which course(s), and how were the learning objec-
tives revised (or how do you plan to revise them)?
Please include the course name(s) and describe the
changes made or planned to the learning objectives.
You may also reflect on how GenAI influenced these
revisions.

N/A, an open-ended question

Assessment and Evalua-
tion Practices

12 What level of transparency do you expect from stu-
dents when using GenAI tools? (Select all that apply.)

(1) Full log of interactions or transcript
(2) Summary of usage (e.g., prompts that have

been used)
(3) Declaration of any use
(4) Attribution of GenAI-generated content in

submissions
(5) Reflection on how GenAI influenced their pro-

cess or results
(6) No requirements
(7) Other

13
How have you changed (or plan to change) your ap-
proach to assessments in higher-level courses that
incorporate GenAI?

(1) No Change
(2) Give more points to the process or develop-

ment journey
(3) Give more attention to validation of results

(e.g., evidence of testing)
(4) Give more attention to student reflection
(5) Add an oral explanation of the deliverables
(6) Ask for in-person feature changes (e.g., add a

new feature to the delivered code)
(7) Design tasks that are harder for GenAI to solve
(8) Emphasize responsible GenAI usage over

GenAI-proofing
(9) Use version control to monitor progress
(10) Other

GenAI Policy and Re-
sources

14

What is your current policy regarding the use of
GenAI tools by students in your course(s)? (Please
describe where GenAI use is allowed, restricted, or
explicitly forbidden. You may include examples for
homework, studying, projects, exams, or other rele-
vant situations. If your policy varies by course or is
not formally defined, feel free to elaborate.)

N/A, an open-ended question

15

Have you used or created any publicly available re-
sources that can be helpful when incorporating GenAI
into higher-level courses? If yes, please specify the
URLs for these resources and explain their impact.

N/A, an open-ended question
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