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Abstract. Generative artificial intelligence (GenAI) has had an impact
on university education and also to the software industry. This can be
seen in many different courses where GenAls can complete exercises, ex-
ams, and even whole courses by themselves. This study aims to find out
how effectively different GenAl tools can complete exercises in program-
ming courses. Our objective is to find how GenAlI’s performance varies
across courses and what differences there are in results between multiple
GenAl tools. During the study, five programming courses were evaluated
using five different GenAlI tools. These tools were able to solve 43-90%
of programming assignments and 80-100% of quizzes. In practice, the re-
sult is that any of the selected GenAls could have been used to pass the
majority of all the tested course parts. Results indicate that we have to
rethink how courses’ tasks are designed and that courses need to have an
element where learning is verified in a controlled environment to verify
that we are educating software professionals for the industry.
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1 Introduction

The release of ChatGPT, chatbot built on generative pre-trained transformers
(GPT) models, and the generative artificial intelligence (GenAI) boom following
it has garnered significant interest, attracting a large user base to Al tools that
can create texts, images and videos from user input. GenAls can also provide
answers to user queries, although their responses are not always accurate. As
these tools can produce artefacts resembling human-created work, there is a
chance that students could skip manual work in education by using GenAl tools.

Previous studies have demonstrated that GenAl can pass university-level
programming courses, sometimes achieving the highest grades [47, 9, 11, 15, 16,
31, 4, 34, 43, 22, 56]. Different types of GenAl tools and models, such as Chat-
GPT and GitHub Copilot, have been tested in these studies, often focusing on
programming languages commonly taught in universities. In addition, research
has examined how the use of GenAlI affects students’ learning on courses [36, 42],
what role GenAl could have in course curriculum, what benefits it has for student
use [9, 14] and how to combat likely misuse of GenAl on courses [37].
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However, previous studies on how GenAl’s ability to solve coursework tend
to focus only on one course per research and on a single GenAl tool. These
studies often favour the most common and freely available GenAls intended for
code generation. In this study, we use multiple different GenAlI tools and mod-
els to complete course exercises, aiming to explore what other GenAlI’s besides
ChatGPT can be used for this purpose. This study also extends the findings
of Suomalainen [46]. Our research addresses the following research questions:
RQ1: What previous research has been conducted on using GenAl to complete
university-level programming courses?, RQ2: What different GenAlI tools can
be used to solve exercises in programming courses? and RQ3: How well do the
selected GenAls perform on university programming course exercises?

Literature review addresses RQ1, while RQ2 involves inspecting and testing
GenAls. A subset of these GenAls is then selected to complete course exercises
and afterwards their results are analysed to form the artefact for RQ3. The aim
is to mimic students’ behaviour and see how much they could get points from
the course tasks if they are just using GenAls to try to pass the courses.

2 State of the art of using Al in programming courses

A literature review was conducted on the topic of the use of GenAl tools (often
called chatbots) in programming courses. The literature review follows snow-
balling guidelines by Wohlin [51], beginning with a core set of articles gath-
ered from academic databases and subsequently expanded through both back-
ward and forward snowballing. Institute of Electrical and Electronics Engineers
(IEEE) Xplore and Web of Science (WoS) were used as sources to gather the
core set of articles. In both academic libraries following search query was used:
(“University” OR “College”) AND “AI” AND “Course*” AND “Programming”
and in WoS search was also limited to the topic (title, abstract and keywords).
This resulted in 200 articles in IEEE and 27 articles in Web of Science. These
227 articles were filtered based on their title and abstract at first and later on by
full text on how they answer at least one of the following questions: how the use
of GenAl affects students learning on courses, how GenAl can help in learning
course topics or how well GenAl alone can pass programming courses. First,
a core set of 14 articles was identified. Forward snowballing added 15 articles,
while backward snowballing contributed 11, culminating in a total of 40 articles.
The literature review was conducted at the end of January 2024 and the begin-
ning of February 2024. Due to time constraints, the process of gathering a core
set, forward and backward snowballing was conducted only once. The literature
was updated in June 2025, when the original databases were re-searched for new
journal articles published in 2024 or 2025. 12 additional core articles were found.

The articles found can be divided into four distinct themes (Effects on learn-
ing, Use cases for GenAl, Performance of GenAl in courses, and Response to po-
tential problems), with some articles fitting into multiple themes. These themes
emerged by analysing the core topics of each article and grouping related in-
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sights. Three themes align with the questions used for article selection and the
fourth theme was found during article analysis.

2.1 Effects of using Generative AI on student learning

Numerous studies have explored the effects GenAl (such as ChatGPT and
GitHub CoPilot) has on students’ learning in programming courses. Findings
of Sheese et al. [42] suggests that students who used CodeHelp (a GenAI with
guardrails preventing it from providing straight-up solution ) for help in course
topics more frequently also performed better in the course, although the study
states that this does not suggest or support claims that higher usage results
better performance. However, when Carreira et al. [6] used a chatbot of their
creation as a teaching assistant on an introductory programming course and
later conducted a survey to students, the results indicate that using a chatbot as
a teaching assistant can facilitate students’ learning. Another study examining
students’ experiences with a chatbot designed to teach Structured Query Lan-
guage queries found responses to be positive about its usefulness, suggesting that
the chatbot is a useful tool in learning [38]. Chatbots can be used to summarize
code and explain different aspects of a given code snippet, such as time com-
plexity [29], what mistakes and errors might happen when writing it and how
to avoid them [29, 35], help to refactor code [17], acquire background knowledge
[18] and provide simplified explanations of more complicated concepts [26]. In
addition, chatbots can be used to give more personalised hints that are adjusted
to the problem at hand [27] and as a brainstorming companion to support cre-
ativity [5, 23]. As chatbots give the answer almost instantly to the question,
their speedy assistance can help students save time and effort [26]. In addition,
using chatbots during courses exposes students to emerging technologies in a
structured manner [20] and, as Ji et al. [23] and Wang et al. [49] found, chatbots
can ease the students’ learning process by alleviating their cognitive load.
Many studies also highlight negative impacts GenAl has on learning if stu-
dents solely rely on it to solve assignments [32, 36, 5, 17, 49]. Personal develop-
ment may suffer [5], critical thinking might reduce [17, 23, 49|, plagiarism may
go unnoticed, and knowledge on the topics of the course can be lacking [32].
In addition, students’ self-efficacy has been reported to decrease if a chatbot
is used as an advanced search engine offering ready-made solutions [8]. Despite
these concerns, unless instructed otherwise, students are likely to choose to use
ChatGPT to do homework on courses, including both asking for help and asking
to solve the exercise for them (some not even consider the latter as cheating) [3].
The overall impact of GenAl on student learning largely depends on how it
is utilized. As Banié¢, Konecki and Konecki found out in their research [2], after
students performed certain algorithmic tasks on Python with ChatGPT they
felt programming to be interesting and they learned faster with ChatGPT but
they also agreed more with statement “I feel that I don’t need to know how to
program because I can create programs using ChatGPT” than before the tasks.
The study by Suh et al. [45] found that beginner-level programming students did
not significantly benefit from using the chatbot and even performed worse on
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exams but more intermediate-level students the chatbot seemed more helpful,
suggesting that using chatbots is more effective when students have some prior
knowledge on the topic. Students point out the possibility for misuse when using
ChatGPT in studies but also acknowledge its benefits in assisting [30]. And while
chatbots can ease students’ cognitive load, it is important to keep an appropriate
level of cognitive challenge to promote deep learning [49]. Other concerns arise
from the fact that there are inaccuracies in GenAI’s responses [8, 24] and it’s not
always clear how to apply solutions it provides to code queries [§8]. In addition,
students have reported the process of making an account and having to log in to
use these GenAl services as a hindrance in the information-seeking process [26].

2.2 Use cases for Generative Al in education

One prominent use case for chatbots in university courses was to use them in
a role similar to a teaching assistant (TA). Roldan-Alvarez and Mesa reported
in their study [40] that the use of GenAl as a tutor has helped students to pass
obstacles more quickly and learn from their mistakes more efficiently than tradi-
tional tutoring. This is because GenAl provides instant replies, coding examples
and in-depth explanations to course topics. As TAs, chatbots would likely be
most useful when explaining contextual applications for course’s concepts and
providing examples that are relevant to course topics [48, 19, 34, 35, 17, 23] but
they could also provide guidance and help with syntax errors students are facing
[47, 35], address queries about documentation and templates related to course as-
signments [33] or provide code reviews for student homework [9, 36]. In addition,
chatbots are not limited to text-only answers but can also assist students in other
forms, such as images and interactive simulations [21]. As such, using chatbots
in university education can facilitate the learning process and enhance critical
thinking if students do not rely solely on chatbot-provided answers [39, 17]. An-
other potential application is the use of chatbots as peers in a peer-instruction
model in courses as results indicate it improved students’ performance in skills
and conceptual understanding when compared to traditional peer learning and
students have reported higher learning, engagements and satisfaction through
faster response and opportunity to learn from the GenAT [14].

To aid in learning, students could also use chatbots to create more exer-
cises for self-practice when they wish to develop their skills further [10, 21].
It has been reported that GPT-3.5’s predecessor GPT-3 is able to create well-
crafted exercises for beginner to intermediate programming courses that focus
on flow structure, use of Application Programming Interface (API) and inheri-
tance, while error detection was particularly bad [44]. In addition, GPT-3 could
create unit tests for programming exercises [9]. In an academic context, chatbots
can also be used to provide suggestions to students on appropriate literature for
self-study or literature review [10]. Students could also evaluate strengths and
weaknesses of the chatbot by creating the same artefacts with a chatbot that
students themselves created and compare their own manually created ones to
those of the chatbot [20].
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Another use case is to provide personalized learning with chatbots. For ex-
ample, a system was proposed by Wu et al. [54], which can generate personalized
tutorials based on students’ learning preferences and adjust them to their knowl-
edge levels. Personalized learning can also adapt to students’ individual needs,
like providing more resources for slower learners and more advanced guidance
for faster ones [49]. For learning paths, a system called SKYRAG was proposed
by Setyawan Soekamto et al. [41], which addresses weaknesses of the traditional
retrieval augmented generation (RAG) by providing more accurate keyword re-
trieval for better personalization and creating more suitable learning paths.

However, in all of these cases, it must be kept in mind that chatbots are not
100% reliable and are susceptible to occasional errors and misleading information
[35]. For example, ChatGPT’s accuracy on topics may vary as it depends on the
information it was trained with, phrasing of the prompts and what is the context
of the questions [25]. When Jalil et al. (2023) [22] questioned ChatGPT on topics
of software testing courses, the GenAl was able to give a correct answer 49.4% or
a partially correct answer 6.2% of the time. ChatGPT is not efficient when used
as a definitive guide [36, 25] or completely reliable in evaluating code quality
or correctness but it can provide many suggestions on how to improve code
modularity and structure [1].

2.3 Performance of Generative AI in courses

Chatbots have been tested on a variety of tasks including object-oriented pro-
gramming (OOP) in Java [9, 34], Python programming [11, 47, 15, 16], data
structures and algorithms exam including true/false (TF) and multiple choice
(MC) questions. They have also been used to write pseudo-code and drawing
diagrams [4], written exams and essays, and programming assignments in cy-
ber security [31], embedded systems quizzes composing of TF questions, code
analysis, code completion and writing code from scratch [43] and an exam on
Swift programming language and SwiftUI [56]. In all of these cases, chatbots can
achieve passing grades or higher.

GenAl struggle most with complicated concepts such as self-balancing binary
search trees like AVL-trees [53] and interpreting non-textual information like APT
documentation and Unified Modelling Language (UML) diagrams. In a study by
Zhang et al. [56], most of the time GPT-3.5 and GPT-4 models got lower scores as
the sections of the exam got more challenging. The structure of task descriptions
can have an effect on the chatbots’ performance as GPT-3 was found to struggle
with simple exercises embedded in lengthy, overly descriptive, or contextually
unnecessary text [47]. Additionally, task-specific restrictions, such as prohibiting
certain features or requiring specific formatting, affected performance.

2.4 Response to potential problems

Some introductory programming instructors wanted to ban the use of GenAls
in courses, while others wanted to implement them in some way to prepare stu-
dents for future work life [28]. One potential response is to design programming
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exercises in a way that it is not possible to solve them simply by giving inputs
to the chatbot [9, 34]. To do this, Chan et al. [7] created a method that uses
ChatGPT to create exercises for programming courses by iteratively mutating
the exercise until it cannot be solved simply using ChatGPT.

Courses could also teach students how to write correct prompts to a chatbot
so that it can create accurate coding solutions [12], as a study found out many
students may have problems with creating well-structured queries to the GenAl,
resulting in poor responses [42]. Or teaching topics by fact-checking chatbot’s
solutions if it is known to perform poorly on the topic [55]. In addition, chatbots
can be integrated with traditional teaching but must be done carefully, so that
the chatbot remains as a supportive tool and does not become a replacement for
human instructions [35, 17, 23].

Other responses include focusing on problem solving and mathematical rea-
soning over coding proficiency [13], develop students’ critical thinking skills to
analyse chatbots responses better [17, 23, 49, 21], distinguish accurate, partially
correct and misleading answers and encourage students to verify information
from reliable sources[18], adjusting grading criteria to accommodate the use of
chatbots in exercises [24] or sifting the focus of the grading more on the whole
process instead of the end product.

3 Research process

The process of evaluating GenAls’ performance followed the guidelines of an
experiment. This approach involves establishing a predefined structure in which
actors perform specific tasks while the researcher observes their performance
[52]. Actors in this case are chosen GenAl tools and tasks course exercises. To
help define the preset frame, the first course’s exercises that were completed
with GenAls served as a “pilot course” to determine the appropriate steps for
evaluating GenAls’ performance. Based on the literature review, a hypothesis
was formed that “selected GenAls should be able to complete exercises”, meaning
that they should obtain at least the minimum required score to pass the exercises.
The evaluation process also followed a simulation method, where a model is
created which imitates behaviours of interest and its performance is observed
[50]. The model here would be a student on these courses as the study tries to
imitate how well a student could succeed by solely relying on the GenAl.

3.1 Selection of GenAl tools and models

Main criterion for choosing which GenAl tools was to select tools that students
are potentially using. These tools were assumed to have a conversational inter-
face, allowing users to input prompts and receive generated outputs. As most of
the exercises were programming exercises, GenAls also had to be able to write
code. As ChatGPT provided both options, an initial search for potential GenAl
tools was done by searching “Als similar like ChatGPT” and “Programming Als
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similar like ChatGPT”. The results were used to get an understanding of what
GenAls were available at the time. To supplement this, we surveyed students
(N=187) to see what GenAls they use. 74% of the respondents reported using
ChatGPT, 3% mentioned GitHub Copilot and 4% listed Gemini. Other GenAls
also appeared in student responses, like Claude, Microsoft Copilot and Bai Du,
but they were mentioned less frequently. Some of the students reported that
they did not use any GenAls. In addition, our industry contact reported using
Codeium, which was also identified during the initial search.

The identified GenAls were evaluated based on their availability in Finland
(i.e., no VPN needed), their ability to generate code and have a conversations, are
they behind a paywall as free-to-use was preferred to simulate student use. The
aim was to find five different GenAl tools and models to be used in the study for
completing exercises. Based on this evaluation, the following tools were selected:

GPT-3.5 was developed by OpenAl and is the model that the free version of
ChatGPT used until May 2024. GPT-3.5 is a language model trained to produce
text and has been optimised with Reinforcement Learning with Human Feedback
where human demonstration is used to guide the model to desired output !.

GPT-4 was, before May 2024, the most advanced OpenAI’s GPT model in
consumer use. It is meant to be more reliable, creative and able to handle more
complex tasks than GPT-3.5. It has been replaced by GPT-40 mini in free-to-use
plan 2 and GPT-40, ol and ol-mini in paid subscriptions in November 2024.

Codeium is a GenAl programming tool designed for software developers. It
features autocomplete, search and chat features, of which the last one was used
in this study. Chat feature uses both Codeium’s developers’ own proprietary
model and Open AI APIs in its operations 2. The free version of Codeium was
used in this study, which utilised GPT-3.5 model. As of December 2024, the plan
with monthly cost offers GPT-40 support.

GitHub Copilot is an Al coding assistant developed by GitHub that
has been trained on public natural language and code sources, including pub-
lic GitHub repositories. GitHub Copilot uses Anthropic’s Claude 3.5 Sonnet,
Google’s Gemini 1.5 Pro, and OpenAI’'s GPT-4o0, ol-preview and ol-mini mod-
els 4, of which GPT-40 was used as it was only one with unlimited access in
Finland at the time of November 2024. GitHub Copilot offers only paid sub-
scriptions but students can use it for free through GitHub Pro.

Gemini is a GenAl model developed by Google °. For free, it offers Gemini
1.5 Flash model while more powerful Gemini 1.5 Pro model is included in paid
Google One Al Premium subscription. 1.5 Flash model was used in this research.

ChatGPT, GitHub Copilot and Gemini were chosen as they were mentioned
most in the student survey. We chose to include both at the time free (GPT-3.5)
and premium (GPT-4) ChatGPT GenAls to create a comparison between two

! https://help.openai.com/en/articles/6783457-what-is-chatgpt

2 https://openai.com/index/gpt-4o-and-more-tools-to-chatgpt-free /
3 https://codeium.com /faq

* https://github.com/newsroom /press-releases/github-universe-2024
5 https://gemini.google.com /faq
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different models from the same service provider, even though premium model
requires paid membership to use. During the data collection process free and pre-
mium ChatGPT models were updated. As such, models we used in this research
can be considered legacy models at this point. Finally, we included Codeium due
to recommendation and its focus on programming.

3.2 Completing course exercises

Table 1. List of courses, their content and types of exercises.

ID |[Course Year|{Size |Content Inspected
course parts
CS1 |Introduction to|lst |6 Programming  basics  with|- Programming
Programming (in|year |ECTS|Python language, history and|exercises
Finnish) current state of programming,|- T/F quizzes
good programming style
OOP |Object-Oriented |1st |6 Basics of Java language, classes|- Programming
Pro-gramming |year |ECTS|and inheritance, graphical Ul|exercises
(in Finnish) with Android Studio - T/F quizzes
C Principles of C-|1st |3 C programming language,|- Programming
Programming (in|year |ECTS |pointers and dynamic memory |exercises
Finnish) allocation, good programming
style
Webl|Introduction 3rd |3 Web standards like HTML,|- Programming
to  Web Pro-|year |ECTS|CSS and JavaScript, browser|exercises
gramming (pilot environment with Document|- T/F quizzes
course, in En- Object Model, building web-
glish) sites with commonly used tools
Web2|Advanced  Web|3rd |6 Use of APIs, creating interac-|- Programming
Applications (in|year |ECTS|tive server and client software|exercises
English) (Node.js and React), managing|- T/F quizzes
web software with MongoDB

This study focused on the selection of bachelor-level programming courses,
representing the stage in the degree program where students are acquiring
foundational programming skills. The objective was to evaluate how effectively
GenAl tools can perform at this level of university education. Exercises from five
programming courses were included as part of this study. All courses featured
programming assignments and most of them also included quizzes, as seen in
Table 1. Programming exercises typically consisted of five tasks per week and
were either their separate tasks or part of one assignment divided into five steps.
All of the quizzes were in True/False format. These quizzes can be considered
quite straightforward, thus their weight in the final course grade is relatively
low, around 10%. The main purpose of the quizzes is to make sure students have
reviewed all the material related to the topic before they start the programming
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assignments. The automatic evaluation of programming exercises was done with
an automated assessment system used to evaluate coding assignments. Quizzes
were created and graded by tools from the learning management system and
Android Studio tasks in Object-Oriented Programming were manually graded.

In all courses, exercises and larger course projects are graded automatically
or manually without meeting the student or the student group, and exams are
done in a monitored exam hall with restricted-access computers (no use of GenAl
is possible).

Most of the courses use a 100-point system or a similar system when grading
students. 50 points are required to pass the course and receive grade 1 and every
10 points increase the grade by one, resulting in the highest grade of 5 with 90
points. All exercises contribute to these points but students cannot pass courses
with exercises alone as there are other mandatory parts, such as course project
or exam. Usually half of maximum points available from exercises are needed
to pass the course (in addition to minimum 50 points total). Exceptions here
are CS1 and C courses where exercise sections have their own grades and course
grade is calculated from weighted average of grades from exercises, exam and
course project. Still, to pass exercises with grade 1, half of them must be solved.

The process of completing exercises with GenAls was as follows:

1. The assignment was copied from instructions for a prompt for GenAl.

— If the prompt needed additional instructions, (e.g. definition of program-
ming language), they were added and irrelevant information for completion
of the task was removed.

— If instructions referred to the previous material, the code was added to
the prompt as text at the end.

— For True/False quizzes, the claim was turned to a question.

— If the quiz task was to fill sections with given options, both sections and
options were added to the prompt with the task instructions.

2. The type of exercise determines what is done with the GenAI’s output

— For programming exercises the solution was copied to the code editor, the
file was zipped and submitted to the automatic assessment system.

— For quizzes the correct solution was chosen based on the GenAI’s answer.

3. If the GenAl’s output was insufficient, then the task was reiterated

— The GenAl was given a description of what was missing (the output from
assesment system) and what needed to be changed.

— With T/F quizzes, reiteration was only done if the output did not clearly
say the claim was either true or false.

4. After iterations and reiterations, the results were written down.

The process of iteration and reiteration was designed to simulate how a stu-
dent with no prior knowledge of the subject could complete tasks using only the
GenAl. As such, when reiterating, the prompt only included the response from
the automatic assessment system, a description of what was missing based on
exercise instructions or a request for a more precise answer. The process did not
include any other prompt engineering besides what was described in this section.
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4 Results

Five GenAls, GPT-3.5, GPT-4, Gemini, GitHub Copilot and Codeium, were
tested on weekly exercises in all courses. Webl acted as a pilot course to de-
termine how many iterations per exercise task we needed to see if a GenAl can
solve the task. Apart from GPT-4 and GitHub Copilot, all were free to use. Stu-
dents can obtain GitHub Copilot for free, and all tools featured a simple sign-up
process, such as using Google or GitHub accounts.

Overall, the GenAls performed well in the exercises. To pass, they needed to
solve at least half of the available tasks in exercises and in most of the weekly ex-
ercise parts, they managed to pass that limit. Only Codeium failed programming
exercises in one course, OOP. It can be concluded that students are very likely
to pass exercises in these courses by using GenAl alone without trying to solve
them by themselves and if a student decides to do that, it is not very difficult,
as most of these GenAls are free to use and easily accessible for students.

Score-wise wise GenAls also performed well. In most cases, they passed at
least half of the exercises. In quizzes, GenAls performed very well (Figure 1),
always getting at least 80% correct and most often getting 90% or more. Per-
formance was weaker in CS1 and OOP courses, which were in Finnish, while in
Webl and Web2 courses, GenAls performed better, which in turn were in En-
glish. However, while GenAls performed well in quizzes, programming exercises
are worth two or three times more in course grading. So, accomplishments in
quizzes do not have the same impact as the same level of performance would
have in programming exercises.

= GPT-3.5 » GPT-4 = Codeium = GitHub Copilot = Gemini
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Fig. 1. Total percentage of quiz questions GenAls managed to pass in all courses.

GenAls managed to solve at least half of the available programming tasks and
assignments in most courses, with only exception being Codeium in OOP (Figure
2). GitHub Copilot consistently delivered the best performance, while Codeium
and GPT-3.5 often performed the worst. Between courses, Webl and Web2 had
a higher average pass percentage (73.2% and 72.2% respectively) than CS1, C
and OOP (69.8%, 66% and 63.2% respectively). In this sense, GenAls performed
better on courses that are designed for third-year students (Webl and Web2)
than they did on first-year courses and Web?2 itself is generally considered to be
the most difficult programming course during bachelor’s studies. Furthermore,
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CS1 is a prerequisite for all of these courses and while average performance in
CS1 was better than it was on C and OOP it was also worse than in Webl
and Web2. Although averages between Web2 and CS1 are not very big and the
Web2 average is affected by GitHub Copilot’s and Gemini’s scores, which for
those GenAls were their best scores across all five courses, only GPT-4 had
its worst performance in Web2. Another aspect that can affect these results is
that CS1, C and OOP have strict requirements for each task’s output, as it
has to match exactly what is the expected output, whereas in Webl and Web2,
automatic grading only expects certain elements or API calls. OOP had the
lowest average percentage due to each Al’s poor performance in Android Studio
programming exercises.

= GPT-3.5 » GPT-4 = Codeium = GitHub Copilot = Gemini

CS1 OOP Cc Web1 Web2

Fig. 2. Total percentage of programming exercises GenAls managed to pass in all
courses.

There were some common instances where GenAls struggled. Reading files
often caused troubles as the format of the text file was not always clear to GenAls
and it was not always easy to say if problems in the printed output originated
from it. The same happened with APIs and how they were structured and how
GenAl should read them. If the previous week’s solution was used in the next
programming exercise, it was more likely to fail, as the solution needed to be
added as text to the prompt, making it more complex. Similarly, programming
exercises where the entire exercise was one assignment and tasks were steps in it,
failing one task could result in failing some or even all following tasks, depending
on how much they rely on previous ones. Still, the most common cause for failing
was the complexity of the programming task. A common trend was that exercises
from the first weeks were generally completed successfully, while later weeks saw
more failures. Typically, the simpler tasks at the beginning of each week were
more likely to be passed.

5 Findings and discussion

In regard to the research on using GenAl in university programming courses
(RQ1), multiple studies have explored this topic. Since GenAl became a hot
topic after the launch of ChatGPT with model GPT-3.5, most of the research
is very recent, with the majority of studies being from 2023 and onwards. From
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these studies, four major themes were identified, focusing on how the use of
GenAl affects students’ learning, how GenAl could be utilised in courses, how
GenAls have performed in courses and what sort of response there has been in
using GenAl in courses.

Regarding which GenAl tools and models can be used to complete program-
ming courses (RQ2) there are many options at the moment. ChatGPT still has
a large monthly user base, many GenAl tools offer both free models and more
powerful models for paid subscription, there are a lot of alternatives to Chat-
GPT and more specialised GenAl tools, such as Gemini and Codeium. Besides
GenAls used in this study, there are many more that could be used instead, like
Claude3 and Microsoft Copilot, a combination of all Microsoft’s previous Copilot
GenAls.

The main point of this study was to evaluate how selected GenAls perform in
university programming course exercises (RQ3). Results show that GenAls can
pass most, if not all, parts in selected courses and can often achieve a moderately
high score in course grading. GitHub Copilot performed best out of all five, with
GPT-4 usually coming as a second and Gemini tended to be a bit better than
already outdated GPT-3.5 and Codeium in exercises. In quizzes, all GenAls
achieved very high scores and while results in programming exercises were not
as good, GenAls managed to pass at least half of them most of the time. Difficulty
of the course (at least on the level of bachelor’s studies) doesn’t seem to affect
GenAls performance as they performed a little bit better on third-year courses
(Webl and Web2) than they did on first-year courses. The complexity of the
exercise, iterating on previous tasks or week’s solution, and relaying the format
of the file to read or API to use caused trouble to GenAls. These results indicate
that a student with no prior knowledge on the course topics and with no personal
input could pass exercises in these courses by solely relying on the GenAl. This
aligns with previous research on how well GenAls can pass courses. GenAls’
struggles identified in previous studies, such as complicated concepts [53] and
API documentation [34] are also consistent with those found in this study.

It is possible that a student could pass exercises in courses discussed here
using only a GenAI but by doing so might hinder their learning [36], critical
thinking [17, 23] and give a lacking knowledge on course topics [32]. These could
be prevented by giving focus in grading to the whole process of doing exercises
instead of just the end product and having students give detailed statements on
their AT usage [37] or emphasising more on problem solving and mathematical
reasoning over coding proficiency [13]. Critical thinking skills can be improved if
students are taught to analyse chatbots’ responses better [23, 21] and distinguish
accurate, partially correct and misleading answers and verify information from
reliable sources [18]. In the end, teachers are now living in a world where students
have the option to use GenAls and it has and it will continue to form methods
and ways of teaching. Our findings fortify existing research and underline that
cheating is easier than ever.

There is also the option to use GenAl in a way that boosts learning. One
way to do so is to use GenAl as a teaching assistant in courses [40] and GenAl
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can provide simplified and easy-to-understand explanations to course topics [26].
Personalised learning can also be provided more easily to students as GenAls
can quickly create tutorials and other learning resources based on individual stu-
dents’ preferences [54, 49]. As selected GenAls in this study could pass exercises
in the courses relatively well, they could potentially assist students struggling
with topics. Of course, GenAls are not 100% reliable and, as the study by Suh
et al. [45] suggests, the usefulness of GenAl to students seems to depend on how
much prior knowledge they have on the course topics, as more intermediate-level
students benefited from GenAl more than beginner-level students, so this should
be considered when deciding how to use GenAls in courses.

However, the results here do not paint the whole picture of how GenAls could
pass these courses. Only exercises were considered in this study and their portion
of the overall course grade is less than half in all cases. Courses have at least either
a course project or an exam, usually both, besides exercises. While it is possible
to use GenAl in those, except in supervised exams, this study did not include
them and cannot tell how GenAls would perform in those contexts. Also we do
not have any long-term data yet. It would be interesting to see how the GenAl
affects to students’ skill retention or critical thinking. Also, it is noteworthy to
emphasise how these results are valid in the programming education context and
might not be the same outside this scope.

6 Conclusions

The results obtained here show that GenAls can pass most of the different parts
of weekly exercises and obtain decent scores, often reaching around 75% of avail-
able points. Five GenAls were selected for this experiment, and every GenAl was
used in every course: GPT-3.5, GPT-4, Codeium, GitHub Copilot and Gemini.
GitHub Copilot performed better than others and GPT-3.5 and Codeium most
often had the worst performance. GenAls often excelled in quizzes, while perfor-
mance in programming exercises was not as good but still decent. GenAls strug-
gled most with complex programming tasks and using external data sources like
text files and APIs.

This indicates that a student could pass exercises in these courses by solely
relying on GenAl. As previous research indicates, this would likely harm stu-
dents’ learning. This makes teaching challenging as university degree programs
are trying to educate software professionals for the industry.
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