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Abstract

The proliferation of Large Language Models (LLMs) is transforming
the way software is developed, and software engineering education
needs to adapt to this new reality. Traditional grading methods
that assess code functionality are undermined by A1-generated
code. Meanwhile, students are already using these tools and require
formal training on their potential and dangers throughout the soft-
ware lifecycle. We address this with a new course on AI-Driven
Software Development. After an initial scaffolded phase covering
software development phases and corresponding AI tools, students
independently build a complex software system using A1 techniques.
To evaluate student learning rather than a1 capabilities, our grading
is based on the final code, the development process, and a reflective
report. In our first implementation of this course with 68 students
they not only successfully built non-trivial software systems with
Al support—our grading scheme also reveals deeper reflections
on when and how to effectively use A1 tools, which also provide
valuable insights informing future courses on a1-driven software
development as well as A1 tool development in general.

CCS Concepts

« Social and professional topics — Software engineering edu-
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1 Introduction

The world of software development is in a state of change, caused
by the recent proliferation of Large Language Models (1LMs) and
development tools that use them to automate even tasks previously
unthinkable. As professional software development is adapting to
this new reality by actively integrating LLms and a1-based tools
into the workflow [11, 22, 30], there is a growing awareness that
software engineering education also needs to adapt [3, 12].
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Students already make heavy use of LLMs, for example to solve
coding exercises [1, 4]. This has primarily been considered as an
issue of sabotaging potential learning outcomes and complicating
grading of student coursework. However, given that graduates
will enter a workforce where proficiency with A1 tools is the new
standard, it becomes important that students are explicitly educated
in the different approaches to A1 tools and how these can be used to
enhance different phases and tasks of software development. They
furthermore need to understand the downsides and limitations of
AI tools, and how to overcome them. In other words, we need to
educate our students not only in classical software development,
but in the new paradigm of AI-Driven Software Development.

Adapting software engineering curricula presents several chal-
lenges. Educators must decide what content to teach, covering
both traditional software development phases and the various A1
tools that support them. The pedagogical approach must remain
hands-on to be effective, while also navigating the rapid evolution
and potential costs of state-of-the-art A1 techniques. Most critic-
ally, traditional assessment methods, which often rely on executing
automated tests on student code, are no longer reliable. A central
problem becomes how to grade the student’s learning and critical
thinking, not the generative capabilities of the LLms they use.

In this paper, we introduce a new course concept on Al-Driven
Software Development that addresses these issues: It starts with an
initial scaffolded phase where students progress through a classical
sequence of software development phases such as requirements
engineering, prototyping, coding, or testing, all gradually contrib-
uting to them building an app. Each of these steps makes use of a
different approach to integrating Ar tools, such as basic chat inter-
actions with LLMs, IDE-plugins, A1-agents, and ap1-usage. Following
this initial phase, students are tasked to independently implement
a more complex software system, thereby applying the a1-based
techniques they learned in the first phase, and covering all aspects
of the software development process. Halfway through this second
phase, the requirements are changed, forcing students to engage
with aspects of maintenance and evolution such as code health and
technical debt, but also challenging the capabilities of the Ar tools.

To assess student learning rather than the capabilities of LLMs,
the grading is based not only on submitted code. The students also
need to submit a written report in which they justify their design
choices and architecture, describe which A1 tools and LLMs they
used, and provide reflections on where these were helpful and where
not so much. The overall assessment then considers the report, the
software project, and details of the development process exposed by
the issue management and version control systems. To evaluate the
feasibility of this course, we conducted it at the University of Passau
in the summer semester of 2025 with 68 students participating.
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In detail, the contributions of this paper are as follows:

e We introduce an AI-Driven Software Development course that
covers important aspects of software development as well as the
possibilities and techniques to support these offered by A1 tools.

o We provide detailed grading rubrics that allow effective assess-
ment of student learning, even in the light of Ar-generated com-
ponents and artefacts.

o We evaluate the course concept at master’s level with 68 students,
providing insights into learnings and experiences.

e We discuss our experiences and insights, for example on how to
cope with budgetary challenges of having students use AI tools.

We find that the students largely succeeded in building non-
trivial software systems with A1 support but also developed a deeper
understanding of when and how to use Ar tools effectively. This
learning was captured through our grading scheme, and their re-
flections offer valuable insights for designing and improving future
software development courses and A1 tools.

2 Background
2.1 Al for Software Engineering

The introduction of rLms and their applicability to different soft-
ware artefacts is profoundly affecting the software engineering
landscape. Current research suggests LLMs are particularly well-
suited for tasks that demand an understanding of syntax, such as
code summarization and code repair [31], with less satisfactory per-
formance on tasks that require comprehension of code semantics,
such as code generation and vulnerability detection. Research is
nevertheless exploring the application of LLMs across the entire
software development lifecycle [6], with the majority of studies
focusing on development, maintenance, and quality assurance [10].
While researchers are busy exploring different applications of LLms
and methods to assess their performance, software development in
practice is simultaneously undergoing a transformation. Despite
early claims that LLMs would eventually even completely replace
software developers, the consensus currently seems to be that LLMs
augment the capabilities of software developers rather than repla-
cing them [25], and human oversight remains crucial [9] as part of
an Al-driven approach to software development.

Software developers have a range of possibilities available for
integrating LLMs into their workflow, ranging from basic chats
to sophisticated IDE plugins. Industrial practice seems to mostly
focus on LLM agents [26], i.e., intelligent entities capable of perceiv-
ing software artefacts, reasoning using LLMs, and taking actions
semi-automatically. Examples include both commercial products
integrated into the IDE (e.g., Cursor, JetBrains Junie, GitHub Copilot,
Windsurf), or IDE-agnostic command-line tools (e.g., Claude Code)
but also open-source projects (e.g., aider.chat, OpenHands).!

2.2 Al in Software Engineering Education

The transformation of software engineering practice has lead to
calls for also adapting software engineering education [12, 18, 24,

ICursor: https://cursor.com/, Junie: https://www.jetbrains.com/junie/, Copilot: https:
//github.com/features/copilot, Windsurf: https://windsurf.com/, Claude Code: https:
//claudecode.io/, aider: https://aider.chat, OpenHands: https://www.all-hands.dev/;
accessed 2025-09-25
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Figure 1: Overview of the design of our course.

25, 32]. A large share of existing work on LLMs in computer sci-
ence education [21] focuses on Python and Java programming at
undergraduate level, rather than more advanced software engineer-
ing involving the development of complex software systems and
covering the entire software lifecycle. Furthermore, LLMs are often
applied for improving teaching of traditional software engineering
tasks such as requirements eliciation, umML diagrams, or prototyp-
ing [20], or for supporting teachers with the course conduction by
generating exercises [23] and automating assessment [2, 8]. It has
been shown that students are already using LLms [28], even without
explicit education, which is an issue because inadequate prepara-
tion and unrealistic expectations of students about the capabilities
of LLMs can even be counterproductive [16].

One way to address this issue lies in observing how students
use LLMs and generalising from that [17]. However, there neverthe-
less is a misalignment as aspects of software engineering en-vogue
in LLM-based research [10], such as automated test generation or
bug detection/fixing, seldom appear in education-related research
context. Even though A1 tools have individually been considered
in terms of their capabilities to support education [29], there is a
gap on how to integrate the Ar tools into the curriculum so that
students learn to use them by understanding the foundations be-
hind them and their limitations [24]. Consequently, there is a need
for a more holistic education approach [12, 14, 15] going beyond
individual technical skills, emphasising the importance of adapt-
ing and evolving to remain in sync with rapid advancements in A1
and LLMs, and adapting expected learning outcomes to a shift in
required skill levels for a1-supported software development [32].
This is precisely the aim of the course described in this paper.

3 Course Design

Figure 1 provides an overview of the AI-Driven Software Devel-
opment course: It consists of an initial scaffolded phase in which
there are weekly lectures and exercise sessions (Section 3.1) cover-
ing both, different phases of software development, and different
types of AI tools. In the second phase the students independently
develop a software project over two iterations with changing re-
quirements (Section 3.2). Finally, they have to deliver the code,
repository, and a written report (Section 3.3).
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3.1 Weekly Assignments

The course starts with a scaffolded phase of six interactive lectures
each introducing one step in a classical sequence of software devel-
opment: requirements engineering, prototyping, coding, unit and
integration testing, system testing, and an overall quality-driven
process (e.g., continuous integration with static analysis tools and
automated tests, merge requests with code reviews). In each lec-
ture (90 minutes), we first introduce the tasks and outcomes and
how they can be achieved using non-a1-based methods, to ensure
students are familiar with core software engineering concepts.

3.1.1  Lectures. Each lecture then focuses on examples for A1-based
tools suitable for the respective task and presents strategies on how
to use the tool by highlighting potential challenges and how to
overcome them. For the presented tools, we focus mainly on ones
that are available for free for all students, either by being open-
source or by offering a special student discount. For example, when
first delivering the course all students had free access via the GitHub
students pack to GitHub Copilot both in the GitHub web interface
and as plugin to their 1DE. To support the use of open-source tools,
e.g., the aider agent, we host a local instance of Ollama for Ap1-
based access to self-hosted LLms like Mistral, Devstral, Llama 3.1,
CodeLlama, and Gemma 3. Nevertheless, the students are free to also
use other tools not presented in the lectures, including commercial
ones like Cursor in case they already have a subscription for them.

More specifically, in the first lecture we present a classical design
thinking approach to collect requirements and demonstrate how it
can be extended by prompting an LLM via its web-chat to suggest ad-
ditional ideas or to formulate requirements in user story format. We
use the demonstration to highlight that the LLms might sometimes
generate generic, too complex, or even nonsensical requirements.
Similar demonstrations of limitations continue throughout all lec-
tures to highlight that while the A1 can support many development
tasks, the human developer ultimately needs to retain both control
over the tools and an understanding of the developed system to be
able to remediate issues in A1-generated work.

The design thinking approach continues for the prototype, where
again the LLM web-chat can be manually prompted to generate user
interface mockups either as images or as mostly static HTML files.
By prompting the LLm with more technical information about the
planned system, it can also be used to suggest data entity models or
suitable ApI endpoints for the interaction between client and server,
to extend the prototype into a system skeleton that can later be
filled with the implementation of the actual application logic. For
this coding phase, the students are usually already familiar with
the a1-based autocompletion and prompting tools built into their
IDE, so little demonstration, e.g., using Copilot, is required. Instead,
we focus on possible issues with a pure ‘vibe coding’ approach, e.g.,
the introduction of maintenance burden, subtle bugs, or security is-
sues [7, 19] in the generated code due to even the original developer
not fully understanding it. We then present prompt strategies to
mitigate such issues [27].

To further strengthen the confidence in the quality of the gen-
erated code, we next introduce various testing concepts, focusing
on automated unit, integration, and mutation testing first. While
the LM context is sufficient to produce unit tests only from the

relevant code, it may need additional prompting with the inten-
ded behaviour for larger integration tests. Using agentic tools like
aider that automatically re-run test suites after changes results in a
higher confidence in the quality of the generated code, even though
generated tests for faulty code might make the wrong assertions.
To simulate the user interactions as part of end-to-end system tests,
we give an introduction to the Playwright library and its Java ap1.2
Demonstrating the generation of such tests using aider highlights
the challenge of context management. By introducing a common
abstract base class for tests, the AI tool is guided towards calling
reusable helper methods. Furthermore, manually adding relevant
HTML templates to the context enables the LLM to use correct
identifiers for the interactive user interface elements in the code.
Originally, we also intended to task students with an extension for
the agent that provides a custom tool hook which can be called
by the LM to specifically request suitable user interface element
1Ds. However, due to time constraints, we could not realise it and
instead plan to revisit this idea in the next course iteration.
Finally, for the quality process lecture, we highlight that, while
many tasks can be automated by a1, ultimately the developer still
has to retain responsibility for the produced system and has to en-
sure consistency throughout the development process, e.g., consist-
ency between user stories and user requirements, implementation
and user stories, or expected and tested behaviour. We present auto-
matic code review tools like Copilot as integrated into the GitHub
website and CodeRabbit.> Nevertheless, we recommend students to
set up an automatic continuous integration (c1) pipeline that runs
code formatters, linters, and the test suite so that core consistency
and quality checks are always enforced even without a1 support.

3.1.2  Practical Application of the Concepts. To put the presented
theoretical concepts into practice, the students are tasked to iter-
atively develop a small Todo-notes app during this initial course
phase as part of weekly assignments. We require them to implement
the application with a yjvMm-based (e.g., using Java or Kotlin) server
connected to a database and providing the a1 for a user interface
developed using Java- or TypeScript running in the browser. These
technical requirements are a sufficient restriction to allow us to
create the lectures around this common baseline, but still enable
the students to choose familiar frameworks and libraries for their
implementation. We also do not require a specific set of features
for this application, but instead let them develop their own in the
initial requirements engineering phase. Giving the students this
freedom allows them to use the development of the Todo-notes app
to collect experience with their preferred tools in preparation for
the final project in the second part of the course.

3.2 Final Project

The second part of the course consists of an individual assignment
spanning five weeks (e.g., in our case, end of June to end of July).
The students are tasked to implement a calendar application with
the same basic technical requirements (i.e., JvM server with browser-
based user interface and freedom to choose the exact libraries) as
the Todo app from the initial weekly assignments. However, for
this project we specify some initial functional requirements (event

Zhttps://playwright.dev/java/, accessed 2025-09-28
3https://www.coderabbit.ai/, accessed 2025-09-28
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creation/update/deletion, user management, reminders for events,
recurring events, and tagging events with user-defined tags) which
the students should extend into full user stories with corresponding
acceptance criteria before integrating them into their application.

To simulate a real-world project with changing requirements,
we publish additional requirements two weeks after the initial ones.
The addition of new requirements also requires the ar tools to
be able to support maintenance and evolution, rather than only
generating the code of an initial prototype. We require the students
to design three new features they would personally find useful
and then implement them. Examples for commonly implemented
features are a switch between light and dark mode for the user
interface or being able to search for events. We also request two
more specific requirements that focus on features the development
of which might contain subtle challenges for a1 tools: An event
sharing feature should allow users to share events with others.
Depending on the chosen implementation, a sharing link or code
has to be handled securely such that only the intended recipient
can view or edit only this specific event. As a second feature that
introduces many possible edge-cases, users should be able to set
a preferred time zone in their user profile such that the calendar
view is displaying own events in the correct time and that shared
events are shown according to each user’s preferred time zone.

The students are not required to follow the exact iterative sys-
tem development process as in the initial weekly sessions, but they
are free to adopt agile-like methods. However, to ensure that they
not only focus on the coding but also use the A1 tools for other
development phases, we require them to create issues in their Git-
Hub project with descriptions in the user story format and task
them to develop the application iteratively by small merge requests
or commits that implement one feature or refactoring at a time.
Furthermore, they should add unit and integration tests to both
server and client of the system with at least 90 % statement coverage
and develop automatic system tests that simulate the interactive
interaction via the browser with the full application. The students
should add a cr1 pipeline to their project that verifies the feature
integrity after each commit by running automatic tests, automatic
linters (e.g., CheckStyle, ESLint) and static analysis tools to ensure
that generated code follows the project’s code style guide.

3.3 Final Project Report

To encourage reflection on system design and Ar tool usage, the
students are required to submit a project report in addition to their
implementation and repository. This report should link relevant
issues, merge requests, or commits when explaining features or A1
tool usage. The suggested structure of the report was as follows.

System architecture and design decisions. The students are asked to
give a brief overview over the high-level design decision they made
while designing and implementing the application requirements.
For example, they could explain technical decisions (e.g., system
architecture, library choices), or in case there were requirements for
which the specification allowed for multiple different approaches,
explain why they selected their chosen alternative.

Design decisions for custom features. In this section the students
should give a brief overview over their three chosen custom features
developed during the second half of the final project. They should
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describe each feature and explain the design choices they made
when integrating it into their application.

Used LLMs and Al-based tools. This section should contain a
summary of the LLMs and A1-based tools they used and how they
used them. They should explain for which development scenarios
they used which tools. When tools could be used with alternative
LLMs (e.g., GitHub Copilot supports GPT and Claude models), they
should explain which L1ms they configured in the tool settings.

Where did the Al tools work well? This section should go into
more detail over the used tools by demonstrating examples for
LLM/tool usage where the tool achieved the intended goal.

Where did the Al tools not work as intended? Similar to the pre-
vious section, the students should explain cases where the chosen
LLMs/tools did not work as well as expected. They should describe
how they adapted their usage of the respective LLM/tool to get more
useful responses and if that led to the expected improvements.

Missing Al tools (optional). Since the available A1 tools do not
cover all possible software engineering and development scenarios,
we ask the students to explain if they were missing tool support for
some tasks when working on the final project and if so, what an
envisioned future tool should be able to do to provide the missing
support. They can also mention tools that already exist and they
would have liked to use, but were not available to do so, for example
due to a complicated setup or the tool’s pricing model.

3.4 Grading

The final grade of the course is determined by summing the points
for weekly assignments, the final project implementation, the de-
velopment process followed while implementing the final project,
and the project report. All submissions are collected via private
repositories on GitHub and include the code itself as well as the
issues and pull requests created by the students.

For the six initial weekly assignments (cf. Section 3.1), we assign
between zero and two points (not at all, partially, or fully completed)
each. Similarly, we require the final project to be executable on our
machines to verify the feature implementations and also assign
between zero and two points per requirement. The grading for
these two categories is intentionally coarse and limited in points,
since the work of the students and the Ar is directly mixed.

The main focus of the grading therefore is on the development
process and the final report, since these are not directly the result
of the A1, but instead show whether the students used a suitable
Al-based process and then explicitly reflected on how they used
the tools. To ensure a consistent grading process, we developed
grading rubrics for both categories. We subcategorised both and
assign between zero and four points for each subcategory.

To grade the development process, we split it into the five subcat-
egories shown in Table 1. For issues and pull requests (or commits)
we evaluate that the requirements are specified clearly and are
implemented iteratively. The development in self-contained steps
is important because it allows both us and students to revisit the
development process and allows the students to refer to the com-
mit history in the report when describing how they used the A1
tools. The cI1 pipeline should run all checks as initially specified (cf.
Section 3.2). Finally, for both unit and system tests the evaluation



Table 1: Grading rubric for the development process.
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Score

Issues

Pull Requests (PRs)/Commits

CI Pipeline

Unit Tests

System Tests

0 No issues

1 Issues without description, so no user
stories or acceptance criteria.

2 Issues with user stories only for the
requested high-level features.

3 Issues with user stories and accept-
ance criteria only for the requested
high-level features.

4 Issues not only for the requested high-
level features, but also for, e.g., bug-
fixes or additional smaller features

Few large commits implement-
ing the whole project without
reference to relevant issues.
Some PRs/Commits implement-
ing multiple linked issues at a
time.

PRs for major features. PRs usu-
ally implement one thing (i.e., at
most one issue referenced).

PRs for features referencing rel-
evant issues. PRs usually imple-
ment one thing.

PRs for features, refactorings,
and bugfixes referencing relev-
ant issues. PRs usually imple-

Missing

Compiles the application.

Runs unit tests for client
and server.

Runs unit tests and (sys-
tem tests XOR linters) for
client and server.
Runs linters, unit tests
for both server and client,
and system tests.

Missing
Tests only in server or
only in client.

Unit tests for both server
and client.

> 80 % coverage for both
server and client.

> 90 % coverage for both
server and client.

Missing

Few system tests cover the happy path of
only some features. The server and/or data-
base is mocked.

Few system tests cover the happy path of
some features.

The happy path of all important system fea-
tures is tested end-to-end (i.e., client con-
nects to actual server and database).

Both the happy path and relevant edge- and
failure-cases are tested for all important
system features.

that came up during development.

ment one thing.

Table 2: Grading rubric for the final project report. Missing sections received a score of zero.

Score System architecture & design

Custom Features

Used LLMs and A1-based tools

Where did Ar tools work well?

Where did they not work?

1 Chapter with high level con-
tent, but without explana-
tions or design decisions.

2 Generic explanations, some
design decision, no alternat-
ives discussed.

3 Solid explanation of system
architecture and design
decisions, alternatives only
shortly mentioned.

4 Solid explanation of system
architecture and design de-
cisions, alternatives discussed
in depth.

Features are incomplete, poorly integ-
rated, or only minimally described.

Custom features are present but de-
scribed in vague or shallow terms, or
integration into the core application is
not fully clear.

Required number of custom features are
implemented and described reasonably
well. Some design choices are explained,
though depth or clarity may vary.

Meets or exceeds the required number
of functional custom features. Features
are clearly described, technically sound,
and well-integrated into the application.
Shows thoughtful design decisions and
links to relevant issues/pull requests.

Barely mentions tool usage or
describes only one scenario
with little detail or clarity.

Mentions a few tools but offers
only general or vague descrip-
tions. Some tool-task mappings
may be unclear or superficial.
Identifies and describes relev-
ant tools used for several tasks.
Provides explanations of how
and why the tools were used,
but lacks details.

Each tool’s use is specifically de-
scribed, including how it was
prompted/integrated, what it
contributed, and why it was ap-
propriate for that context.

Barely identifies any concrete be-
nefits, or examples are unclear or
not convincingly linked to tool
performance.

Mentions some areas where Al
tools worked, but examples may
be vague, generic, or lacking con-
text.

Gives a few solid examples with
reasonable explanations. May be
less in-depth or slightly general-
ized in places..

Provides clear, specific examples
of scenarios or development
phases where Al tools excelled.
Describes why the tools worked
well in each case.

Vague or minimal reference to
tool failure.

Mentions at least one issue, but
with limited detail or unclear
response strategies.

Identifies a few meaningful is-
sues and explains how they
were handled, though adapta-
tions may be more general or
less reflective.

Provides  specific,  well-
explained examples where
Al tools failed or underper-
formed. Describes how they
recognized the issue and how
they adapted their approach.

mainly focuses on presence and sufficient coverage. The high cov-
erage requirement as communicated as part of the final project
description can unlikely be achieved by ‘vibe coding’, but instead
requires conscious use of AI tools to obtain tests for edge-cases.
The rubric to grade the final project report (Table 2) is categorised
according to the report subsections (cf. Section 3.3). Optional report
subsections are not taken into account for the grade. For each
category, the students achieve higher marks by showing a thorough
reflection on why and how they made their design decisions and
used the AT tools, rather than only describing what they used.

4 Evaluation

We conducted the course during the summer semester of 2025 and
collected data in order to answer the following research questions:

RQ1 What are the statistical properties of the produced software?

RQ2 Which a1-based tools and Lrms did the students use?

RQ3 How were the students supported by AI tools across different
development tasks?

How would you assess your skills in using ...? -

jove =
Java-/TypeScript - _. LI
0 0.2 04 05 06 0.8 1.0 _—

Proportion

Figure 2: Self-reported programming skills of the course
participants (1=Beginner, 5=Expert).

4.1 Experimental Setup

4.1.1 Dataset. In the summer semester of 2025 68 students (2 Bach-
elor, 66 Master) participated in the course, and 63 completed it.
After the course, we conducted an anonymous online survey
using the questions shown in Table 3 among the course participants.
The participation was optional. Nevertheless, 40 students particip-
ated in the survey, i.e., 63 % of the students who completed the
course. As Fig. 2 shows, most survey participants were familiar
with the programming languages used in the course. 30 % of the
students had between one and three years of software development
experience, an additional 55 % more than three years. 55 % stated to
have a job besides their studies that involves software development.
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Table 3: Post-course survey questions.

How many years of software development experience do you have?  Single choice
How would you assess your skills in using Java? 1-5

How would you assess your skills in using Javascript or Typescript?  1-5

Do you have a job involving software development besides your studies? Yes/No

For each of requirements, protoyping, coding, unit testing, system testing, reviewing:

Using Al support helps me to (perform activity X better) 5-point Likert
Using Al support increases the quality of (result of activity X) 5-point Likert
I could have (performed activity X) without Al support 5-point Likert
I believe I am now better at (activity X), even without Al support 5-point Likert

Only for reviewing:

The Al tools followed my project and coding guidelines 5-point Likert

If you used Al support for anything else not covered by this survey, Free text
what was it and did it help you?
Which LLM-based Tools did you use?
Which LLMs did you use?

Multiple choice
Multiple choice

4.1.2  RQI. To answer this research question, we consider the Git
repositories and extracted statistics about the code for both the
server and client components.* Additionally, we counted the num-
ber of tests implemented by the students. We do not consider the
test coverage, since this was an explicitly graded metric (cf. Sec-
tion 3.4) and would therefore be biased towards a higher coverage.

To estimate code quality, we also ran the PMD static code ana-
lysis tool® on the server Java code. We used the provided quickstart
conﬁguration,° but excluded the MethodNamingConventions rule,
as many tests followed a ‘when... then... should...” or ‘test_...’
naming scheme with underscores as separators. Such names violate
common Java code style guidelines using camel-casing, but never-
theless are often accepted in project-specific code style guidelines.

More than half of the students implemented all 16 required fea-
tures in their application (mean = 14.5, o = 2.48). Therefore, we
can be reasonably certain that the differences in code metrics likely
stem from different implementation design decisions rather than
being caused by missing features.

4.1.3 RQ2. As part of the survey, we also collected the used LLMs
and Ar-based tools (cf. Table 3). The answer options for both ques-
tions included both rLMs/tools presented in the lecture and other
popular ones. The students could also add other used LLMs/tools
in a free-form response field. From the final project reports we ad-
ditionally obtained more detailed explanations which models and
tools were used for which software development tasks and where
they worked well or did not work as expected.

Please note that the anonymous survey did not allow us to relate
the used LLMs/tools to the produced code or grades, as we cannot
identify which student submitted which survey response.

4.1.4 RQ3. To estimate which software development phases were
difficult for the students, we use the graded results based on the
development process rubric (Table 1). The ‘Issues’ category corres-
ponds to the requirements engineering phase and the ‘Pull Requests’
and ‘c1 pipeline’ categories are aspects of the quality process phase.
Both the unit and system test categories directly correspond to

4https://github.com/XAMPPRocky/tokei

Shttps://pmd.github.io/, version 7.17.0
®https://github.com/pmd/pmd/blob/9fa1671d4f3a797e3e5f1e3221496349¢769f429/
pmd-java/src/main/resources/rulesets/java/quickstart.xml
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the respective development tasks. The coding aspect of the devel-
opment is not represented in the rubric, but instead based on the
feature-completeness of the final implementation (cf. Section 3.4).

Using the scores achieved according to the report grading rub-
ric (Table 2), we learn whether students actually reflected on their
Ar-tool use. The grading rubric is designed such that a higher score
requires detailed examples and strategies for successful use of Ar
tools. The two sections “‘Where did A1 tools work well?” and ‘Where
did they not work?’ are especially relevant for this evaluation.

To quantify the support the A1 tools gave for the different soft-
ware engineering tasks, we used the survey to propose four state-
ments for each phase, each answered on a 5-point Likert scale (cf.
Table 3). The two statements ‘Using A1 support helps me to ... faster.
and ‘Using Al support increases the quality of ..." explain whether
the A1 tools worked as expected for this task and supported the
students. T could have ... without A1 support. highlights whether
the students were confident in solving the respective task in the
development process. Finally, ‘I believe I am now better at ..., even
without A1 support” shows if the students learned development
techniques that are useful beyond the a1 usage.

4.2 Threats to Validity

Threats to external validity arise due to the limited sample size for
our data, based on a single instance of one course at one university.
However, we already offered two weekly sessions to accommod-
ate for high demand, and since the course is taught in English
participants were international and had very diverse prior experi-
ences. While we tried to cover a wide range of A1 tools and LLMs,
the landscape of A1 tools is evolving at a rapid pace, so new tools
might become better at certain aspects in future replications of the
course. As a threat to internal validity there likely also is a bias
towards AI tools available at lower costs for students, as we had
no budget to cover costly subscriptions and tokens for all students
across multiple A1 providers. The duration and scope of the project
implemented by the students may not be representative of real
software development, but we tried to increase realism by adapting
the requirements throughout the development. Threats to construct
validity arise since we use the delivered artefacts as a proxy to
estimate student learning. LLMs may not only be used to generate
code but also parts of the reports. As it was not possible to track
the AP1 requests to the various models, our measurements based
on grade/survey/code/repo statistics might generally be inaccurate.
However, freedom to make design decisions and about LLM/AI-tool
usage is a a core aspect of our course design; since this is not an
introductory course we do not want to control such details.

4.3 RQ1: Produced Software

Even though we left the students freedom to choose the libraries
used in their implementations, many submissions chose the same
frameworks for their final projects. All 63 submissions used the
Spring Boot framework, which we also used for the demonstrations
in the initial lectures, to implement their server. For the client,
the demo project demonstrated in the lectures used the Angular
framework. In their final submissions, 53 students used the Re-
act framework, five used Angular, and the remaining submissions
used Svelte, Vue, or plain JavaScript. In their reports, the students
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Figure 3: Code statistics of the final project submissions.

frequently state that they used these common frameworks due to
already being familiar with them from prior projects. Some students
also explain that their choice was influenced by the popularity of the
frameworks from which they expected improved LLm performance
for code generation due to more available training data.

Likely due to the shared implementation framework choices
and therefore similar system design, most submissions contained
similar amounts of code. Figure 3 shows that submissions typic-
ally contained fewer production and test files for the client than
the server (client MD = 29, IQR = 60, server: MD = 49, IQR = 35),
resulting in 1000 to 10 000 source lines of code (i.e., excluding com-
ments and empty lines) each. The longer client files likely stem
from HTML templates. The median ratio of comment to source
code lines is 0.098 5 (IQR = 0.069 0). The smaller amount of com-
ments compared to open source projects [5] is likely a result of the
projects’ limited scope. Long-term maintainability of the code is
also less relevant for this course project.

Figure 3 shows that most students implemented hundreds of
tests for each part of the system (unit, integration, and system tests
combined; server: MD = 188, IQR = 272 tests, client: MD = 160,
IQR = 295). Two students used very fine-granular tests and im-
plemented nearly 1100 tests for the server and 1700 for the client.

A static code analysis using PMD shows that most submissions
contain few warnings (cf. Fig. 4) and that the warnings are not
highly critical. The most common ‘Medium High’ warning con-
tained in the production code concerns the missing conditional
evaluation of expressions that are only required as part of logging
statements. Other common warnings concern code style (unneces-
sary imports, ‘Medium Low’; missing braces for control statements,
‘Medium’) or the documentation (empty constructors without com-
ment, ‘Medium’). The most common warning in test code are un-
used imports (‘Medium Low’), followed by not using literals on
the left side of comparisons (‘Medium’), and class attributes that
are only used once and could thus be a variable inside a method
(‘Medium’). Since students should run a linter as part of their c1
pipeline, these results indicate that they resolved high-impact warn-
ings already, but ignored lower impact ones. They might also have
used different linters or a different linter configuration that does
not emit low-impact warnings in the first place.

Most of the observed warnings concern topics regarding code
style and maintainability. Only the issue concerning logging might
have a slight performance impact during application runtime. The
only common warning that could have an impact on the behaviour
of the system are the literal comparisons. In case of null values such
comparisons might throw an exception rather than successfully
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Figure 4: Static code analysis warnings in the final projects.

computing the comparison. However, since these issues are found
mostly in test code, we expect the impact to most likely be less
helpful error messages for failing test cases.

Overall, the students succeeded in building reasonably complex
software systems within the short time given for the final project,
with generally high software quality and elaborate test suites.

4.4 RQ2: Al Tool and LLM Usage

Most of the 40 students answering our survey used current and
powerful models by OpenAI (GPT-4o, 29 students) and Anthropic
(Claude Sonnet 4, 30 students) as part of the course-related soft-
ware development tasks. Other frequently used LLMs are Claude
Sonnet 3.5 (13 students), Gemini 2.5 Pro (11), and GPT-40-mini (9).
Only one student used a self-hosted LLm (LLaMA 3), even though
we hosted multiple options on a university server (cf. Section 3.1).

All the frequently used models were available for free to students
as part of the GitHub Copilot student licence, which we guided them
to acquire. We assume that therefore there was little incentive to
use the self-hosted LLM™s, since the commercial models outperform
the smaller local ones. Even when using the open-source tool aider,
it was possible to configure it to use the GitHub-hosted models via
an access token extracted from the official Copilot IDE plugins.’

In their reports, multiple students noted that they switched
between models depending on the task. They remarked that GPT
and Gemini tend to work better for natural language tasks, e.g.,
creating user stories or creating an initial code skeleton from these
stories, but then for code-only tasks (e.g., improving the initial
skeleton, testing) the Claude models tend to work better. This ob-
servation is supported by the SWEBench and MMLU benchmarks.?

The most frequently used tool according to our survey is GitHub
Copilot (30 students), followed by Cursor (13), JetBrains Junie (6),
and aider (4). We demonstrated Copilot and aider as part of the
lectures since both are available at no cost to students. Students
using Cursor paid for a monthly subscription and Junie could be
used either as part of a trial period or as a paid subscription. Notably,
all of these tools have agentic capabilities. These survey results also
highlight that most students clearly preferred a direct integration
into the IDE (i.e., all tools mentioned above except for aider).

While we intentionally designed the course for advanced stu-
dents and left them the choice of tools and models, when imple-
menting a similar course for less experienced students, e.g., as an
undergraduate course where the tool set might be prescribed, the
student preferences we observed here can provide guidance.

7https://aider.chat/docs/Ilms/github.html, accessed 2025-09-26
8https://www.swebench.com/, https://huggingface.co/spaces/TIGER-Lab/MMLU-Pro
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4.5 ROQ3: Al Tool and Student Performance

As the grading results of the final report show (cf. Fig. 5), most
students critically reflected on their A1 tool usage, i.e., scoring at
least three out of four possible points, both for cases where the
tools supported the students and scenarios where they did not.
While the survey results in Fig. 7 show that the A1 tools supported
the students throughout all development phases, there are still
considerable differences regarding quality of the produced content.

In the initial requirements engineering phase, the A1 tools were
clearly helpful (77.5 % of survey respondents), produced high quality
output (70.0 %), and many students learned information that is
applicable beyond the use of Ar tools (62.5%). These responses
align with the contents of the final project repositories. The students
created a median of 44 issues (IQR = 30, cf. Fig. 6) to track the system
requirements and filled them with a user story in the description
that contains a relevant amount of content (MD = 490 characters).
This resulted in most (76.2 %) of the students achieving at least three
of the four possible points for this development task (cf. Fig. 5).

The following prototyping phase is not associated with a cor-
responding grading aspect, since any created prototype code could
directly be integrated into the final system without requiring an
intermediate submission. Since the students could choose their
preferred libraries and frameworks for the implementation, they
were likely already familiar with them. Thus, the A1 tool usage
less frequently (45.0 %) taught the students transferrable new skills.
Nevertheless, the students clearly considered the A1 tools to be
helpful in producing the initial boilerplate code (85.6 %).

This trend of subjectively helpful A1 tools continues for coding
tasks (82.5 %). However, the students are already experienced and
could have solved the task without A1 support (72.5 %) and therefore
clearly noticed cases where the generated code quality was an
overall improvement (37.5 %) but also frequently experienced that
generated code was not satisfactory (30.0 %). In the grading, this A1
tool support with the already high confidence in being able to solve
the task regardless of Ar support is clearly reflected, since most
students successfully implemented the requirements of the final
project to achieve 30 of the 32 possible points (MD = 30, IQR = 4).

Unit testing is clearly the category where the ar tools helped the
most (65.0 % full agreement, 20.0 % agreement) and also produced
high-quality output (60.0 %). However, the students less frequently
learned new methods they can now apply even without Ar sup-
port (45.0 %). A worrisome interpretation of this result might be
that they spent less conscious effort on unit testing since the LLMs
perform so well at this—which would somewhat defeat the purpose
of unit testing. However, more likely this is explained since they
were already familiar with the topic and could have implemented
tests without A1 support (62.5 %). The perceived high quality of the
generated tests is also visible in the low number of severe static
code analysis warnings for the test code (cf. Fig. 4). Contrary to
the perceived helpfulness, however, we can see in the grading that
while most students implemented tests in both server and client,
the slight majority (32 of 63 students) did not reach a coverage goal
of at least 80 % for both components. On the other hand, 22 students
managed to cover the required 90 % of the code to achieve a full
score. This discrepancy might stem from a possible underrepres-
entation of students that did not implement any tests (5 students)
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or only chose to implement tests for one part of the system (8 stu-
dents). Using AI to automatically generate the tests might also have
been useful even when the students did not achieve a high enough
overall coverage to influence the grading.

According to grading results, system testing was clearly the most
difficult part of the course. More than half of the students (54.0 %)
opted to not implement such tests at all. Not implementing system
tests in the first place might have contributed to only 40.0 % of the
survey respondents stating that they learned something new about
system testing by using the A1 Only 12 students implemented a
full end-to-end test suite that not only covers the ‘happy path’ of
important features but also checks edge cases. Nevertheless, still
a clear majority (70.0 %) of the survey participants stated that the
Al support helped them. Their responses also show, however, that
while the A1 seems to have produced helpful code, it was of low
quality. Only 37.5 % stated that using the A1 increased the quality.
This is a clear contrast to unit testing. We conjecture that is a result
of the difficulty for agentic tools and LLMs to keep relevant files of
the system in the context window when generating such tests.

Finally, to ensure code quality, most students created a c1 pipeline
that at least runs both the server and client unit tests and addition-
ally either linters or system tests (corresponding to a score of at
least 3). Such a c1 pipeline only is useful when frequently making
commits that are checked. Most students followed such an approach,
using either atomic commits only (#commits: MD = 83, IQR = 96),
or also using pull requests to group related commits (#pull requests:
MD = 21, IQR = 13). However, they rarely used automatic code re-
view tools that we can capture from the collected data. Of the 1286
pull requests made from all students, 1193 had no comments, even
though the Copilot integration available on the GitHub website
could automatically add A1-generated review comments without
having to use an external tool. Judging from the survey results, it is
also unlikely that many students used automated code review tools
in other ways, since compared to the other tasks the A1 tools were
clearly perceived the least helpful in this one (helpful: 48.7 %, not
helpful: 35.9 %) even though the a1 tended to adhere to the style
guidelines (51.3 %) when it was used. One student mentioned in
their report that they at least configured the aider agent to run the
code formatters and linters after changing the code, then automat-
ically fix any found issues, and only then commit the changes.

While the students overall agree they could have solved all soft-
ware engineering tasks of the course without the help of Ar tools,
the majority nevertheless considered the A1 tools to be helpful for
all tasks except for the reviewing and code quality process. The
quality of the produced software together with high degree of re-
flective thinking exhibited in the reports about the benefits of A1
tools (especially for requirements engineering and unit testing) and
where AI tools failed to fulfil the quality expectations (e.g., coding
and system testing) suggest that, overall, the students successfully
learned how to use A1 for software development.

5 Discussion

We use this section to highlight challenges during preparation of
the course and also use the final project reports to extract concrete
examples where students felt supported, some challenges for A1
tool usage, and ideas for future tools or improvements to tools.

5.1 Fast-paced Tool Development

The main challenge when preparing the weekly lectures at the be-
ginning of the course was the fast development pace of new A1 based
tools. Nearly every week new tools, models, or features in existing
tools became available. For example, we decided to present agentic
tools using aider in the lectures since the GitHub Copilot IDE plugin
did not support such a workflow. However, between the Tuesday
and Friday sessions of the lecture, a new update was released with
exactly this missing feature. As described in Section 3.1.1, we there-
fore aim to use the lectures to teach transferrable skills by focusing
on generally applicable concepts when using a certain kind of tool,
rather than the feature sets of specific tools. Nevertheless, when
repeating the course, other exemplary tools that are more suitable
to demonstrate the concepts may have become available.

5.2 Al Tool Strengths

Confirming our observations in RQ3, most students also explicitly
mention in their reports the requirements engineering (especially
writing user stories) and the automatic generation of boilerplate
code (e.g., data entity classes, database access methods) as the two
areas where AI tools produced high-quality output. As a possible
limitation it should be noted, however, that the course considered
only a subset of possible requirements engineering tasks, i.e., brain-
storming requirements and organising them as user stories. Other
aspects like for example the elicitation and prioritisation of require-
ments given by multiple stakeholders could not be simulated in the
course setting. The students also state that both code generation
and unit testing for server and client often worked well, not only for
the boilerplate code, but also for the implemented features, unless
complex logic (e.g., time zone handling) was involved.

A few students explain that LM generated code sometimes res-
ults in discovering new features or library methods. By using the A1
chat window in the IDE plugin, the LLM can then also often explain
such methods in more detail with generated usage examples that
go beyond the method-level documentation that already is natively
available when hovering over the method in the code editor.

5.3 Al Tool Shortcomings

In their reports, many students describe system testing as the most
challenging aspect both of the course and specifically when using
AI tools. They mention that the LLMs tend to generate a plausible-
looking test skeleton, which however rarely works due to the iden-
tifiers of user interface (u1) elements being often slightly wrong or
even clearly non-existing. The A1 agents then often failed to find the
error location even when analysing the error logs, since they are
often unclear due to the mix of errors in the test code, unseen errors
in the automated browser, and logging messages of the system’s
server. Using the Al tools sometimes even made fixing the initially
generated test skeletons harder than manually writing system tests.
Instead of knowing the intended test steps as a developer and only
having to reverse-engineer at which step the test failed, now they
also needed to first reverse-engineer the test steps the LLm intended
to perform to derive how the test can be fixed (e.g., Did a ut element
not load because the test step clicked on the wrong button in the
previous step, or did the element not load due to an actual error in
the production code?).
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A further challenge often encountered when writing system
tests, but not limited to this task, is that LLMs tend to rewrite larger
pieces of code even though a small fix would have been enough,
even when specifically requesting a specific change in the prompt.
For example, the LLM could have added some logging statements to
a broken test to help both the student and the agent tool to locate
the issue, but instead the tool deleted the failing test and added
back a different one. Students also report this could sometimes
even lead to the agent getting stuck in a rewrite-loop of adding and
deleting similar solution attempts repeatedly. As countermeasure,
the students started a new conversation/session to start with a fresh
context of only few selected files and a precise prompt.

Multiple students mention an issue relating to the training data
of LLMs: The generated code often uses deprecated functionalities
of libraries, likely due to larger amounts of training code using older
versions of the libraries. For example, the LLMs tended to use an
older style of the Spring Boot server security config, even though the
recommended API was changed in the last major version upgrade
to the framework in November 2022 already. Similarly, version
incompatibilities between suggested JavaScript libraries frequently
resulted in invalid import statements or broken builds.

As expected (cf. Section 3.2), the additional requirements handed
out during the final project were indeed challenging for LLms. Mul-
tiple students specifically mention in their reports that the LLms
could not resolve edge-cases in the time zone handling, which
resulted in having to manually debug and fix them.

5.4 Missing Al Tools and Features

To resolve the described shortcomings, the students mostly envision
various enhancements to existing tools rather than entirely new
tools. Since most students used agentic tools (cf. Section 4.4), these
envisioned features mainly relate to this tool category.

For example, the agentic tools could be improved by having a
higher ‘state-awareness’, retaining some high-level project context
like the structure, architecture, or previous design decisions in
their context. While some agents can be ‘configured’ with custom
guidelines stored in a specific file in the repository,’ this does not
seem to be sufficient. Constraining the agent by such high-level
guidelines could reduce the number of rewrite cycles of code that
does not match the intended design, and thus result in less ‘wasted’
Al budget to invest on actual progress instead. If the agent was able
to better follow guidelines across multiple edit steps, it would also
allow for the agent to provide a natural language outline of the
planned steps beforehand, letting the human approve these steps,
and only then automatically perform the steps as planned.

Continuing the theme of improvements to agent context hand-
ling, one student suggests that the tool should build some kind of
index of the repository and its structure so that it can later automat-
ically load and unload correct files into/from the context. Similarly,
two other students suggest an index for libraries and their docu-
mentation that is created by the tool provider. By then reading the
dependency specification of the project, the agent could internally
refer back to the index from the correct version of the library to pro-
duce suitable project-specific code instead of just merging together
features found in the unstructured training data. This suggests an

%e.g., for Junie: https://www.jetbrains.com/help/junie/customize-guidelines. html
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opportunity for improving agentic tools by integrating approaches
like retrieval-augmented generation [13] or knowledge graphs.

To resolve the issue of AI tools rewriting larger pieces of code
instead of only applying small fixes, several students suggest putting
agents into specific ‘modes’. For example, in a coding mode it has
more freedom to add new code anywhere, in a testing mode it
should focus on test code with only small changes to production
code, and in debugging mode it should only make little changes
like adding log statements or comments. Such a feature could also
improve the refactoring experience. Currently, the tool context is
not sufficient to reliably make consistent changes to all affected
files. By restricting the agent to make larger changes only in the
refactoring target and allowing only necessary fixes in affected files,
the target could be retained as main context while the other files are
fixed iteratively. Interestingly, the issue of consistent refactorings
already appears in the comparatively small course project (= 10 000
source lines of code). Such a feature could therefore be especially
helpful in industrial use-cases with considerably larger projects.

Overall, these suggestions indicate that the students engaged
well with the tools, reflected cricically on their strengths and weak-
nesses, and came up with concrete ideas for improvements. This
shows that the course indeed achieved its aim to teach students
how to effectively use A1 tools for software engineering.

6 Conclusions

Recent and ongoing developments in Ar are disrupting how soft-
ware is built in practice, and education needs to adapt to these
changes to better prepare graduates. In response to this need, we
introduced a new course on A1-Driven Software Development that
aims to combine a traditional view on phases of the software de-
velopment process with the many different new possibilities to
augment these using A1, while also facing the challenge of how
to assess students in a course where courseware is intended to be
produced with A1 The course was tremendously popular with stu-
dents; even though we ran two instances of the course in parallel to
accept more participants, many more would have joined if possible.
The students’ feedback was also consistently positive, while our
evaluation demonstrates that the course concept is feasible and
students successfully learned how to build software with A1

Given the success of the course we intend to offer it again in the
next academic year, but considering the current rate of change in Ar
and software development, it is likely that the tool landscape will
by then look very different again. It can be hoped that some of the
issues and limitations we discussed in Section 5 will be overcome
with these changes. However, we—as well as anyone else aiming to
replicate a similar course—will need to continuously monitor the
landscape of A1 tools and update the course material accordingly.
We anticipate this effort to be feasible though; since the course is
organised around core software engineering phases rather than A1
aspects, the overall structure can remain stable.
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