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Abstract—This research paper contributes to the computing
education research community’s understanding of Generative
AI (GenAl) in the context of introductory programming, and
specifically, how students utilize related tools, such as ChatGPT.
An increased understanding of students’ use is mandatory for
educators and higher education institutions, as GenAl is here
to stay, and its performance is likely to improve rapidly in the
near future. Learning about students’ use patterns is not only
crucial to support their learning, but to develop adequate forms
of instruction and assessment. With the rapid advancement of
Al its broad availability, and ubiquitous presence in educational
environments, elaborating how AI can enhance learning experi-
ences, especially in courses such as introductory programming is
important. To date, most studies have focused on the educator’s
perspective on GenAl, its performance, characteristics, and limi-
tations. However, the student perspective, and how they actually
use GenAl tools in course contexts, has not been subject to a great
number of studies. Therefore, this study is guided by the following
research questions: (1) What do students report on their use
pattern of ChatGPT in the context of introductory programming
exercises? and (2) How do students perceive ChatGPT in the
context of introductory programming exercises? To address these
questions, computing students at a large German university
were asked to solve programming tasks with the assistance of
ChatGPT as part of their introductory programming course.
Students (n=298) provided information regarding the use of
ChatGPT, and their evaluation of the tool via an online survey.
This research provides a comprehensive evaluation of ChatGPT-
3.5’s application by novice programmers in a higher education
context. The findings reveal that while students widely adopt
GenAl, their use varies significantly, ranging from acceptance
of generated solutions to dynamic, and critical engagement.
Therefore, this work has implications for educators designing
guardrails or forms of instructions on the use of GenAl tools in
the classroom.

Index Terms—ChatGPT, generative Al, large language models,
students, application, introductory programming

I. INTRODUCTION

While educators and researchers are still trying to grasp the
full impact of Generative Artificial Intelligence (GenAl) and
related tools on our educational system(s), students are quickly
moving forward, and open to experimenting with Copilot, and
ChatGPT [1]-[3]. Even though it is challenging to predict
which programming competencies [4] students will require in
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the future and how to adapt curricula respectively [5], [6],
computing educators need to gain an understanding of how
students currently apply GenAl tools.

There is no doubt that GenAl tools, such as ChatGPT, are
powerful and performing well in the context of computing,
and particularly in introductory programming courses. An
increasing body of research has been dedicated to showing
its potential in solving CS1 and CS2 assignments [7]-[9]. An-
other use case for students is the enhancement of programming
error messages [10]-[13], and the generation of formative
feedback [14]-[18]. Generating personalized feedback can
potentially benefit both students, and educators, especially in
large scale classes, such as introductory programming [19],
[20]. At the same time, GenAl tools still produce misleading
information for novice learners [15].

At this point, however, hypothesizing about students’ use
cases is a debate mostly led by educators [21]-[23], as they
are reflecting and discussing the alignment of their learning
objectives, instruction, learning activities and assessments in
the GenAl era. So far, few studies have investigated GenAl
tools from the student perspective (e.g., trust or attitude
towards LLMs [24], [25]), or how students use such tools in
the context of a computing course [26], [27]. Due to the broad
availability of GenAl tools, and their well-known limitations, it
is crucial to investigate how and for which purposes computing
students use such tools, and how they perceive the benefits and
limitations of GenAl.

It is thus the goal of this research to gather the student
perspective on using GenAl tools, such as ChatGPT. This
perspective encompasses use pattern, but also students’ re-
flections upon their experiences with ChatGPT in the context
of a curricular course. To gather the student perspective,
we developed an exercise sheet as part of an introductory
programming course at a large, public university (Goethe
University Frankfurt, Germany) in the winter term 2023/24.
Students were asked to solve programming tasks with the
assistance of ChatGPT-3.5 (freely available in Dec. 2023), and
to participate in an online survey to report their experiences.

The quantitative and qualitative analysis of the survey



responses (n=298) provides novel insights into students’ use
of ChatGPT in a curricular course setting. The contribution
of this paper is a summary of students’ use patterns, and
reflections on applying ChatGPT while solving programming
exercises. The presented research thereby supports educator’s
understanding of students’ applying GenAl tools. This is
crucial to help inform and develop adequate forms of instruc-
tion and pedagogical approaches supporting the critical and
reflective use of GenAl tools within computing education.

II. RELATED WORK

GenAl and related tools have taken the world by storm [3].
Due to the broad availability of GenAl tools, starting with
the launch of OpenAI’'s ChatGPT in late November 2022,
computing educators are discussing implications for higher
education institutions, curricula, learning objectives, assign-
ments, and assessments ever since [3], [5], [28]. In this
section, we summarize benefits and limitations of GenAl tools
in introductory programming. Moreover, we present recent
findings on computing students’ perspective on GenAl tools.

A. Potential Benefits and Limitations of GenAl in Introductory
Programming Contexts

The performance of GenAl tools can be impressive, espe-
cially in introductory programming exercises and respective
exams [29], [30]. Several studies showed the capabilities of
tools based on Large Language Models (LLMs), such as Copi-
lot and ChatGPT [7]-[9]. For example, Geng et al. [7] treated
ChatGPT as a student participating in an introductory-level
functional language programming course. The tool achieved a
grade B and was ranked as 155 out of 314 students. Kiesler and
Schiffner [8] had ChatGPT 3.5 and GPT-4 generate solutions
to 72 standard introductory programming tasks available on
CodingBat [31]. ChatGPT-3.5 immediately solved the task
correctly in 69 cases (95,8%), GPT-4 in 68 tasks (94,4%) [8].
Savelka et al. [9] showed that GPT models are more successful
when prompted in natural language, or when asked to fill in
blanks. Multiple-choice questions requiring the analysis or rea-
soning about code were more challenging for the models [9].

Despite these promising results, many studies have reported
limitations of GenAl tools, such as (re-)producing biases or
inaccurate information [32]. Another obvious problem is its
knowledge cutoff so the tools lack recent data, e.g., on the
latest Python version, which may cause irritations. Hallucina-
tions within the generated data, and the fact that it can bypass
plagiarism detection tools are additional issues for students and
educators. As GenAl tools challenge the integrity of academic
work, educational institutions and faculty need to take action
on several levels [3], [33]. Prather et al. [3] emphasize the
need for ongoing research to keep up with the fast pace of
technological developments.

In the context of introductory programming education,
GenAl tools have been subject to research w.r.t. their ap-
plication by educators and students [11], with a focus on
students’ potential use [10], [12], [15], [17], [34]-[36]. One
of these use cases is the generation of code explanations

in a web software development e-book [12]. MacNeil et
al. [12] analyzed students’ perceptions towards automatically
generated line-by-line code explanations by Codex and GPT-
3. The majority of students evaluated as the explanations as
helpful [12]. Leinonen et al. [10] found that programming
error messages (i.e., by the compiler and interpreter) can be
enhanced by GenAl, as they can help create novice-friendly,
actionable explanations.

GenAl tools were also shown to analyze students’ code, and
fix errors [35], [36]. Phung et al. [35] studied the application
of LLMs with the goal of fixing syntax errors in Python. They
developed a technique to receive high precision feedback [35].
In other studies, it was shown that GenAl tools are capable
of generating individual, elaborate feedback [37] to students’
solutions to programming exercises [15]-[17].

For example, Kiesler et al. [15] qualitatively analyzed the
feedback generated by ChatGPT-3.5 in response to authentic
student solutions to introductory programming exercises. In
their study, they identified stylistic elements, textual explana-
tions of the cause of errors and their fix, illustrating examples,
meta-cognitive and motivational elements. However, ChatGPT
generated misleading information, claimed uncertainty in its
responses, and requested more information, thereby indicating
its limitations, especially for novice learners [15].

Similarly, Azaiz et al. [16] analyzed the output generated by
ChatGPT in response to introductory programming exercises
and student solutions. They summarize a number of chal-
lenges, e.g., w.r.t. the formatting of the output, recognizing
correct solutions, and hallucinations of errors in the students’
code. In a follow-up study with GPT-4 Turbo, Azaiz et al. [17]
conclude notable improvements of the generated feedback, as
the outputs were more structured, consistent, and always per-
sonalized. Due to this potential, we currently see the develop-
ment of new educational tools and environments incorporating
GenAl tools to create novice-friendly code explanations [38],
or to not give the solution away [39].

B. Computing Students’ Perspective on GenAl tools

All of the aforementioned studies focused on students’
potential use of GenAl tools, and thus hypothetical appli-
cation scenarios. Some of them used authentic student data
(e.g., students’ solutions) as an input to GenAl tools [15],
[17]. However, few studies directly involved students, their
perspective, or their actual use of GenAl

In a study by Prather et al. [40], students’ use of GitHub
Copilot as part of an introductory programming assignment
was evaluated through observations and interviews. They
asked students about their perceptions of the tool’s usability,
challenges and benefits, and implications for the tool’s design.
Vaithilingam et al. [41] also explored the usability of Copilot
via user study with 24 participants. The participants appreci-
ated the ability of Copilot to provide a useful starting point,
and help find information (instead of having to search for it
online). At the same time, programmers reported challenges
related to understanding, editing, and debugging code snippets



generated by Copilot. Overall, they conclude that Copilot’s
design should be improved [41].

The student perspective on program synthesizers including
Copilot was gathered by Jayagopal et al. [42], who focused
on its learnability. They observed and interviewed 22 novice
programmers who worked with the respective systems, and
evaluated the systems’ design. Students, for example, reported
that prompting is perceived as less confusing and more excit-
ing than writing format specifications [42].

Denny et al. [43] also investigated first year students’
interactions (n=54) with the tool Promptly. Promptly was
designed to teach students how to prompt GenAl tools based
on predefined problems. It executes and tests the code gen-
erated by an LLM. In the respective pilot study, Denny
et al. [43] quantified students’ interactions with ChatGPT,
analyzed their interactions, and their reflections on the use
of GenAl. However, only 15 chat protocols were analyzed.
Moreover, the character of the pilot was exploratory with
the goal of evaluating the relevance of prompting skills for
students [43]. The focus was thus not on the identification of
interaction pattern or use cases.

An observation of 20 experienced programmers and an
analysis of their interactions with Copilot led to the distinc-
tion of two operation modes: acceleration and exploration
mode [44]. Copilot is thus either used to achieve a goal
faster, or to explore different solution options. Barke et al. [44]
further conclude that over-reliance on Copilot can hinder task
completion, and that multiple suggestions can lead to a high
cognitive load.

In a recent controlled experiment, ChatGPT’s application
in a CS1 classroom was investigated via the evaluation of 56
students’ task performance, interactions with, and reflection
upon using ChatGPT [45]. The study did not find evidence
for ChatGPT’s impact on students’ performance, but students
who used ChatGPT tended to solely rely on it (instead of
exploring other resources). Students further seemed neutral
towards ChatGPT, but they noted potential ethical issues, and
varying performance depending on the tasks [45].

Students’ (and instructors’) perceptions towards GenAl in
academia were also surveyed by Amani et al. [1]. The student
survey focused on the current use of GenAl tools and their
general perceptions. 813 students at Texas A&M university
responded to the survey. As a result, students seem to value the
high availability of the tools, while recognizing their potential
to be misused and that academia must adapt. Forman et
al. conducted a similar online survey exploring high school
students’ perceptions towards ChatGPT [46]. The analysis
of 71 responses revealed students’ positive attitude towards
GenAl technology, as they are assuming it to play a role long
term. Moreover, students reported to rely on GenAl tools to
help save time during assignments and projects. Raman et
al. [2] investigated university students’ adoption of ChatGPT
by addressing the attributes relative advantage, compatibility,
ease of use, observability, and trialability. The analysis of
288 student responses revealed that all five factors influence
students’ intentions to use ChatGPT. The last example of a

student survey is the study conducted by Prather et al. [3] in
2023. They gathered 171 computing student responses from
17 countries, about half of them being in their first year of
studies. Most students reported using GenAl for text or code
generation, paraphrasing or summarizing text, and debugging.
Some students, however, refuse to use GenAl tools due to their
risks and ethical concerns. Students’ perceptions regarding the
relevance of GenAl for their future careers were mixed [3].

C. Research Gap

Despite the rapid increase of studies focusing on the appli-
cation of GenAl in computing education and, specifically, by
novice learners of programming [12], [13], [15], [17], many of
these studies are controlled, or define certain scenarios. They
thus represent the educator’s perspective or focus on usability
and design aspects, and are not necessarily authentic for the
context of introductory programming exercises and courses. At
the same time, the studies surveying students broadly address
university and high school students’ perception towards GenAl
tools [1]-[3], [46] but lack specific educational contexts. The
student perspective on using GenAl for programming exercises
while enrolled in a curricular programming course at univer-
sity level is thus not yet investigated and well understood.

III. METHODOLOGY

In this section, we outline the research questions and
goals guiding the present study. In addition, we introduce
the survey design, the context of the data collection within
an introductory programming course, and present the data
analysis method.

A. Research Questions and Goals

The present study has the goal to gather the perspective
of novice programmers using ChatGPT in the context of
introductory programming exercises. Specifically, we are ad-
dressing the following research questions (RQs):

1. What do students report on their use patterns of ChatGPT
in the context of introductory programming exercises?

2. How do students perceive ChatGPT in the context of
introductory programming exercises?

To answer these questions, the study leverages empirical data
collected in a survey with computing students (n=298) enrolled
in an introductory programming course at a large German
university. Before completing the survey, students were asked
to complete a set of programming exercises with the assistance
of ChatGPT-3.5.

B. Survey Development

The survey design was guided by the RQs and informed as
far as possible by prior work. Most importantly, we wanted to
gather students’ use patterns when working on the exercises
as part of the course (RQ1). Therefore, we asked students how
often, how long and for which purposes they use ChatGPT in
the problem solving process. For the latter we used some of
the application scenarios identified in related work (e.g., [3],
(101, [12], [16], [35], [41]).



Similarly, the questions focusing on students’ perceptions of
ChatGPT (RQ2) were informed by prior work, for example,
regarding ChatGPT’s usability [40]-[43]. Therefore, our sur-
vey addresses the concepts ease of use, perceived skills gain,
accuracy and relevance of the responses, and user satisfaction.
The survey also incorporates open-ended questions to allow
participants to provide more detailed insights regarding their
experiences and perceptions, both positive and negative.

Students’ prior programming experience was the only de-
mographic question we considered relevant. Even though the
course focuses on novice learners as a target group, some
students do have prior programming experience due to, for ex-
ample, vocational training. Finally, the survey was developed
with clear and unbiased language to ensure comprehensibility
and accuracy in the responses. The survey questions are
available in Appendix A.

C. Course Context of the Data Collection

The present study was conducted within an introductory
programming course for first-year computing students at
Goethe University, Frankfurt. 790 students were enrolled in
that course in the winter term 2023/24. Most students were
enrolled in the computer science (CS) program, even though
some students pursue CS as a minor. The course is dedicated to
novice learners of programming, as there are no prerequisites
to participate. It is accompanied by an online course in the
university’s learning management system Moodle.

The class consists of a 2-hour lecture per week for all
students, and a 2-hour tutorial session in groups of 20-30
students. In the tutorial, students are supposed to solve weekly
or bi-weekly exercise sheets with programming problems.
Even though this is voluntary, students can collect points for
correct submissions (two for the exercises required for this
study). These points can later be used to improve exam grades.

For this study, a new exercise sheet was developed for one of
the tutorial sessions. Students were asked to individually work
on these exercises for two weeks from December 6 onwards.
Group work was not allowed. Students were instructed to
“complete the tasks using ChatGPT via the free version”
(3.5) on the web interface, and to submit “all prompts and
responses” as paired entries in a spreadsheet via the Moodle
course. Students were not instructed on how to use ChatGPT-
3.5. They were only provided with a link to OpenAI’s guide
on prompt engineering [47]. This approach was used to avoid
influencing students’ use of the tool. They had only been
introduced to the study’s objective and the process during the
lecture preceding the tutorial.

D. Task Design

The new exercise sheet addressed several concepts, e.g.,
recursion, functions, lists, conditionals, string manipulation,
and documentation. It comprised two tasks with sub-tasks.

Task 1 consisted of four sub-tasks. It presented students with
code snippets with recursive elements for several operations:

la summation of the digits of a number,

1b reversing a list,

1c performing multiplication, and

1d computing the Ackermann function.
The task was to read and interpret the given code snippets with
the goal of determining the output of the code, the number of
function calls, and identifying the type of recursion.

Task 2 was designed to be more complex. It required the
implementation of a function that determines the number of
“happy strings” within all sub-strings of a given string. A
“happy string” was defined as a string that can either be
rearranged into (or already is) a repetition of some string. In
particular, students were asked to:

2a test a given string for the “happy” property, and

2b test all possible sub-strings of the given string.
Using the recursive approach was awarded with extra points.

An important criteria for the selected tasks was the per-

formance of ChatGPT-3.5 in solving them. For example,
ChatGPT demonstrated a high success rate in identifying the
correct functions for the first task. However, it frequently failed
in calculating the number of calls, as it often overlooked the
base case. Task 2 proved to be even more challenging, and
ChatGPT-3.5 never generated a correct solution in 10 regen-
eration attempts. It was only able to describe the necessary
steps to solve the problem.

E. Data Analysis

To evaluate students’ self-reported use patterns and per-
ception of ChatGPT-3.5 in the context of solving selected
programming exercises, 298 valid survey responses were an-
alyzed. A quantitative approach was used to evaluate closed
questions (Q1-Q11), while responses to open questions were
qualitatively analyzed (Q12-Q14).

The survey addresses RQ1 (students’ use patterns) within
Q1-Q6, which are all closed questions. The quantitative anal-
ysis comprises students’ programming experience prior to the
introductory course in years, whether they used ChatGPT
before this exercise, usage frequencies and duration, how Chat-
GPT was usually accessed, and for which tasks or problems it
was consulted (all in the context of solving the exercise sheet).

RQ2 on students’ perceptions and user experience is ad-
dressed by survey questions Q7-Q14. Questions 7-11 refer
to the ease of use of ChatGPT and other adoption criteria.
The evaluation is based on the responses on the 5-point-Likert
scale to indicate students’ distribution and the degree to which
they agree, or were satisfied. The remaining open questions
(Q12-14) were qualitatively analyzed by applying a content
analysis [48] of the responses. As each response contained
multiple meaningful elements (mostly 3, as requested by Q12
and 13), each positive or negative aspect was coded once. Each
student’s full response to the respective open survey questions
was used as context unit.

Deductive categories reflecting students’ perspective as
shown in related work (see Section II) constituted the starting
point for building a category system (e.g., ease of use, code
explanations, use as study buddy, or for debugging). Due to
the large number of responses to the open questions, and
the variety of aspects, new inductive categories were built by



using the psychology of text processing [49], [50]. Thus, the
responses were summarized, paraphrased and abstracted so
that new categories were constructed based on the analyzed
material. Developing the inductive categories was an iterative
process. After coding an initial proportion of the material
(approx. 10%), the initial categories were adapted based on
students’ responses. This procedure was repeated multiple
times until all responses were analyzed.

IV. RESULTS

This section presents the students’ responses to the survey
questions (available online [51]) with the goal of answering
both RQs. Students’ reported use patterns of ChatGPT (RQ1)
will be summarized, before introducing their perceptions of
ChatGPT in the context of introductory programming exer-
cises (RQ2). As RQ2 was addressed by closed and open
questions in the survey, we outline quantitative and qualitative
results.

A. Students’ reports on their use patterns of ChatGPT (RQI)

Students reported several insights into their use patterns of
ChatGPT when solving the programming exercises for the
introductory course. The analysis of survey questions QI to
Q6 (n=298 each) provides a comprehensive snapshot as an
answer to RQI.

First of all, it should be noted that the surveyed students
were indeed mostly programming novices (Q1), with 34%
having no programming experience, and 43% having limited
experience of less than one year. Another 17% of the students
reported to have one to two years of programming experience
before enrolling in the course, and 6% of the students had
more than 3 years of programming experience.

When asked about students’ use of ChatGPT prior to the
given exercise (Q2), 84% reported to have used ChatGPT for
assignments. Only 16% negated that question. Thus, a majority
of the students in the course had little to no programming
experience, yet nearly most of them had previously used Chat-
GPT for their coursework. When it comes to the frequency
(Q3) of using ChatGPT for their programming exercises, the
data suggests that about half of the students (52%) engage
with the GenAl tool on a weekly basis, 18% even daily. 6%
reported on using it monthly, 16% do so rarely, and only 8%
of student have never used ChatGPT.

Regarding duration (Q4), 43% seem to use ChatGPT for
quick requests lasting less than 15 minutes, while 38% use
it for 15-30 minutes. The remaining students use it for 30-60
minutes (16%), or for more than 60 minutes (3%). Students
clearly prefer using the ChatGPT’s interface, with 95% of the
respondents indicating this approach. Only 2%, respectively
3% use the messaging App integration or the API integration.

Students further selected all tasks for which they applied
ChatGPT when working on the given programming exercises
(Q6). As shown in Figure 1, students used the tool for multiple
purposes, ranging from problem understanding (223), concep-
tual understanding (178), code generation (176), debugging

Problem Understanding - 75%

Conceptual Understanding 60%

Code Generation - 59%

Debugging 45%

Documentation 34%

Test Cases 34%

Syntax 30%

Runtime Analysis 12%

T T T T
o] 50 100 150 200 250
Number of students

Fig. 1. Responses to Q6: Tasks for which students used ChatGPT.

(134), producing documentation (102) and test cases (102),
correcting syntax (90), to performing a runtime analysis (35).
In addition to the closed answer options, students provided
the following applications of ChatGPT: used for coding (13),
to get general explanations (9), as a writing assistant (8), but
also for private uses (7), as study buddy (4), search tool (4),
or as a starting point when solving programming tasks (3).

B. Students’ perceptions of ChatGPT (RQ2)

The second part of the survey quantitatively and qualita-
tively explored the subjective experiences and evaluation of
the GenAl tool as reported by learners (Q7-Q14).

1) Quantitative results: The diverging stacked bar chart in
Figure 2 illustrates the distribution of student responses to
several 5-point-Likert-scale questions (Q7-Q11, n=298 each)
about their perspectives on using ChatGPT. Each row of
the chart corresponds to a different question, with responses
ranging from negative (left-hand side, shades of red) to posi-
tive (right-hand side, shades of blue), and a neutral midpoint
(grey).

For Q7 on the ease of using ChatGPT, the median and mean
of the responses were 4 and 4.06 respectively. The majority of
responses were positive, with the largest proportion of students
rating ChatGPT the highest on the Likert scale, indicating a
perception of ChatGPT as user-friendly.

When asked about the extent to which ChatGPT has helped
improve programming skills or solve coding problems (QS),
the responses were generally positive, with a median of 3 and
a mean of 3.40. A significant number of students felt that
ChatGPT has been helpful in these areas.

The accuracy and relevance of the responses provided by
ChatGPT (Q9) yielded a more varied distribution of opinions,
with a median of 3 and a mean of 2.87. These statistics suggest
some students found the accuracy and relevance to be less than
satisfactory, leaning towards the lower end of the scale.

Regarding overall satisfaction with ChatGPT for program-
ming assistance (Q10), the median was 4 and the mean was
3.44, showing a positive trend. Many students expressed high
levels of satisfaction with the tool.
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Fig. 2. Likert scale assessment of student impressions on using ChatGPT (Q7-Q11). The figure displays a diverging stacked bar chart representing student
ratings on ease of use, assistance in skill improvement, accuracy and relevance of responses, overall satisfaction, and likelihood to recommend ChatGPT as a
learning aid. Responses range from negative (1, dark red) to positive (5, dark blue), with a neutral central point (grey).

Lastly, the likelihood of recommending ChatGPT as a
support tool to a programming novice (Q11) was predomi-
nantly positive, with a median of 4 and a mean of 3.63. A
substantial portion of students indicated they are very likely
to recommend ChatGPT for programming novices.

Across all questions, there is a substantial number of re-
sponses in the neutral category, reflecting a degree of ambiva-
lence or moderate views about ChatGPT among the students.

2) Qualitative results: The qualitative analysis of the open
questions further reflect upon students’ perceptions towards
ChatGPT when solving programming exercises in an intro-
ductory course. Table I summarizes the deductive-inductive
categories of positive and negative aspects and experiences stu-
dents reported in response to Q12 (n=261) and Q13 (n=259).
The analysis resulted in 740 coding units with positive com-
ments (Q12), and 682 coding units representing negative
perspectives (Q13) — 1422 in sum.

The first column of the table represents the category label,
and how often students referred to it in the data, both in
the positive (), and negative () sense. The second column
provides the category definition, which is followed by a literal,
representative example of a student response. Overall, we
identified 20 categories in the responses to Q12 and Q13.

The initial seven categories of Table I represent students’
perspectives on several different use patterns. Among them is
the use as initial help tool when starting to solve a problem,
the application as a search tool for dedicated questions, or for
conceptual input. Many students referred to using ChatGPT for
the generation of code and text (e.g., test cases, documentation,
etc.), but noted both positive and negative aspects of that sce-
nario. Debugging is another, mostly positively mentioned use
case. ChatGPT was also mentioned as producing alternative
perspectives and solutions, even though students disregarded
the degree of variation of the replies. Another positively men-
tioned use case is that of the study buddy, meaning students
use ChatGPT to generate individual, on-demand assistance.

The remaining 13 categories presented in Table I summarize
students’ perceptions of certain qualities or aspects related to

the use of ChatGPT. For example, students noted the response
quality with a positive and negative connotation, e.g., due to
its ability to rephrase things, but also w.r.t. its use of un-
common/unknown terms. Similarly, the chat history can help
students, as they do not have to repeat themselves in a conver-
sation. At the same time, ‘remembering’ the conversation can
require students to restart a new chat. The tool’s availability is
mostly mentioned in a positive manner, with downtime being
criticized. The ease of using ChatGPT comprises positive
aspects, such as its intuitive handling, adapting to natural
language, multilingual inputs, and even vague inputs. At the
same time, students are under the impression that precise
inputs are required.

ChatGPT’s efficiency w.r.t. time was perceived as positive,
due to the potential of saving time, and negative due to
the need to verify its responses. Students further appreciated
the large knowledge base, but criticized the biases it can
reproduce. Another aspect concerns the perceived ‘social’
interaction with ChatGPT. On the one hand, the safe space
without ‘stupid’ questions was appreciated. On the other hand,
students noted that the tool does not comprehend emotions.

All of the aforementioned aspects were recognized in a sort
of balanced manner, expressing both benefits for students,
but also criticism. However, 6 of the 13 categories only
refer to negative aspects students experience using ChatGPT.
Among them are privacy concerns, ChatGPT’s overconfidence
despite producing incorrect results, hallucinations, and a lack
of integrity (e.g., by citing non-existent sources). Moreover,
students expressed the necessity to remain critical of the
GenAl tool, and to always verify the generated responses.
Some students (26) even mentioned the risk of depending too
heavily on ChatGPT, causing them to not thoroughly attempt
to solve programming exercises themselves anymore.

The last survey question (Q14) asked for additional remarks
(n=136). Students mostly repeated the positive and negative as-
pects from Q12 and Q13. Nonetheless, we present some of the
most interesting comments to highlight students’ perspectives:

“Al (and how to use it) should be introduced as a core



TABLE I

CATEGORIES, DEFINITIONS, AND ANCHOR EXAMPLES REFLECTING STUDENTS’ PERCEPTIONS (RQ2).

Category

Definition

Anchor Example(s)

Starting Point
D45

Refers to initial guidance and structure provided by ChatGPT,
including code templates.

@®*“Provides at least an approach when one has no idea where to begin.”

Conceptual Input
®59

Refers to ChatGPT’s ability to provide new concepts, ideas and
inspiration, including suggestions for functions, libraries and hints.

@“If one suspects that there is a certain command or built-in function
that most likely exists but does not know it.”

Study Buddy

Refers to ChatGPT as companion-like support tool providing

@“Offers instant help with coding problems and advice on best practices,

@23 personalized guidance, tutoring, and interactive assistance. acting like an on-demand mentor.”

Code/Text Generation Refers to ChatGPT’s ability to produce, transform, or finalize T can work well with the code that ChatGPT provides.”

@89 oll11 various forms of content, such as code, text, tests or documentation. ©“More complex code is almost unusable.”

Debugging Refers to assisting with troubleshooting and refining code input by @“ChatGPT is very good at identifying minor errors in the code ”
@85 5 identifying and addressing compile, runtime, syntax and logical errors. ©“When reviewing, ChatGPT itself creates mistakes.”

léel:;l;ittli‘\llees Refers to ChatGPT’s capacity to offer studlents a range of opinions,l EB:A different( perspective on the task (different code).”

and Solutions perspectives, anfi approaches: to programming tasks‘; includes providing e Often provides incorrect answers or different answers to the same
B8 ol alternative solutions and varied rephrasing of questions or answers. question upon repeated input.

Search Tool Refers to use of ChatGPT as a resource for gathering information S?] dlth;?::t:; :\j(};ig[\12@i?§gntt::1‘;rﬁz(l)ﬁn§rf(::f:r:;;?:::lafn in:;t:{i':;t,,
@29 ol and finding answers, similar to search engines and online forums. R} ) ssary .

©“The outputs often do not go beyond Google search results.”

Response Quality
®l146 ©142

Refers to the level of accuracy, clarity, comprehensibility and
usefulness as well as structure and format of ChatGPT’s answers to
students’ questions.

@“If a task is not entirely clear, ChatGPT can rephrase it differently.”
©*“Sometimes the content is not explained well, and strange
terms and/or explanations are used.”

Chat History

Refers to ChatGPT’s ability to retain previous interactions,

@®*“The program learns during the conversation [...] the context does not
need to be re-explained with each question.”

®27 ©79 enabling users to revisit and correct prior queries and responses. S“ChatGPT often needs to be restarted because it remembers ‘answers’.”
Availability Refers to prerequisites required to access ChatGPT (i.e., account/ @It is quick [...] A large amount of code can be generated. It is free.”
®84 S35 subscription) available servers, and to ChatGPT’s response times. 6“ChatGPT is often down and unusable.”

Ease of Use Refers to the level of accessibility and user-friendliness; includes @®“Even vaguely stated questions were explained thoroughly and precisely.”
®67 119 the ability to adapt to natural language inputs, and the structure, ©“The Al often fails when it is not provided with enough data. Precise

language and precision of instructions.

formulation is necessary.”

Time Efficiency

Refers to the potential of ChatGPT to save time by providing quick

@®*“Routine tasks are completed quickly.”

@29 ©10 answers and reducing workload, despite having to verify responses. ©*“Slower for more complex problems than writing the code oneself.”
Knowledge Base Refers to range and scope of available information based on training @®“ChatGPT is based on a large training dataset.”
d31 629 data; includes versatility, relevance and to-dateness of the information. ©“It is biased on non-purely technical topics.”
. . Refers to the manner in which ChatGPT engages with students, @®“With ChatGPT, there are no stupid questions; it is a safe space.”
Social Interaction . . 5 » ) .
®8 a9 focusing on thej conversational aspects and the overall experience 9 The model may not gnderstgnd emf)uon's we:}l and could provide
of communication. inappropriate responses in emotional situations.
Privacy Concerns Refers to the assumptions students may have about the ©“T am constantly concerned that my messages are read by third parties
o5 confidentiality/privacy of their interactions with ChatGPT. and always feel an underlying unease when using it.”
Overconfidence Refers to ChatGPT’s presenting information with a high level ©“Questions can be just outright wrong, with the language model
29 of certainty, even when the data may be incorrect or questionable. insisting it was correct.”
Hallucinations Refers to ChatGPT generating responses that include inaccurate ST once asked for literature recommendations. The responses seemed
ol6 or fabricated information, such as citing non-existent sources. credible, but they were entirely fabricated.”
Lack of Integrity RefersA to clarity and rehabllllly of the prov1deld 1nf0rmat19n,l ) S“Unverifiable or no information about sources.”
o12 including references to credible sources ensuring academic integrity.
Criticizing GenAl Refers to students having to critically evaluate and verify ChatGPT’s ©“One must be able to judge whether the solution is correct or not. ChatGPT
936 responses. should only be used if one already has basic programming knowledge.”
GenAl dependency Refers to risk for students to depend too heavily on ChatGPT ©“When I have a problem, I don’t think about it for as long as I used to,
926 for programming exercises. I just go and ask a ChatGPT. It made me depend on it.”

module. If you know how to use it, you learn much faster

Although some students voiced criticism regarding the

and save a lot of energy.”

“If in the exercises the idea of how the code came up and
the attempt to write it were more valued (instead of the result
‘the code runs well’), the process of doing the exercises might
be more enjoyable.”

“I don’t think it impacts my learning experience positivly. Of
course it helps to get answers fast and in my case mostly
(if not all) right. But a lot of answers that stick to my head
today are the ones I have researched very long.”

V. DISCUSSION

The analysis of the responses provided by students in the
survey reveal that many students incorporate ChatGPT into
their routines when solving programming tasks, utilizing it for
a diverse range of problems. Some of these had been identified
in prior work, e.g., debugging [3]. While many aspects of
ChatGPT are perceived as helpful and useful by students, there
is also notable criticism surrounding known issues such as
hallucinations, overconfidence, and over-reliance.

occasional unavailability of ChatGPT, many valued the oppor-
tunity to receive immediate responses, along with appreciating
the interactive nature of the platform. In addition, students
positively highlighted the multilingual capabilities of ChatGPT
and the ease of its use. They found the ability to seamlessly
switch between their native language, German, and English to
be particularly advantageous.

Many students expressed difficulties in understanding pro-
gramming tasks and getting started with writing code. Hence,
they valued the use of ChatGPT as starting point, similarly to
the students surveyed in related work [41]. While some stu-
dents indicated that ChatGPT provided satisfactory responses
to straightforward prompts despite spelling or syntactic errors,
a larger number of students expressed challenges in obtaining
adequate responses requiring well-engineered prompts.

In terms of ChatGPT’s utilization by programming novices,
students voiced caution against over-reliance on these tools,
which is similar to the findings in prior work [44], [45].



Conversely, other students recognize increasing expectations
by programming educators and see ChatGPT as a means
to counteract this. Additionally, there is acknowledgment of
other models, like ChatGPT-4 or Copilot, which may offer
enhanced features, e.g., improved effectiveness or support for
image/file input. However, some students are concerned about
the associated costs, which potentially increases the disparities
in the equal access and affordability of education. So far,
GenAl does not seem to have democratized education.

VI. LIMITATIONS

The students’ responses proved sufficient to reveal their use
patterns and perspectives on GenAl tools, such as ChatGPT.
However, the limits of self-reporting (e.g., social desirability,
exaggerations, omissions) apply to the present work. More-
over, as students knew they were surveyed, the observer’s
paradox [52] needs to be taken into account when interpreting
the data. Another limitation refers to the course setting, the
selected tasks, and the institution where the data was gathered
(i.e., in only one country). Expanding or replicating this study
in other areas is considered future work.

VII. CONCLUSIONS AND FUTURE WORK

The present research pursued the goal of gaining insights
into the student perspective of using GenAl tools, such as
ChatGPT, in the context of a curricular introductory program-
ming course. To identify students’ use patterns along with their
perceptions of the tool, we designed an exercise sheet with
programming tasks for novice learners at a German higher
education institution. Students were asked to use ChatGPT-
3.5 (freely available at the time, in Dec. 2023) without further
instruction. After submitting their solutions to the program-
ming exercises, students (n=298) filled out an online survey
to reflect upon their use and impressions.

The results revealed that roughly half of the students use
ChatGPT as often as every week, 18% even use it daily. We
further identified a great diversity of students’ use patterns
and application scenarios, which is due to the sheer capacity
of GenAl. For example, students use it to get started with their
assignments, to generate text and code, for debugging, or as a
search tool when having questions. At the same time, students’
perceptions showed their ambivalence towards GenAl, as stu-
dents seem to be well aware of its limitations and the potential
(negative) impact on student learning, and equal opportunities.
It is therefore crucial for educators to at least acknowledge
GenAl tools in computing and programming education, and
to provide guardrails and instructions for students on how to
navigate through the GenAlI revolution.

There are several pathways for future work. Among them
is the triangulation of the present work with chat protocols
from novice learners of programming with a GenAl tool to
address the limitations of self-reporting [53]. Another avenue
is the development of specialized GPT models incorporated
into well-known educational environments, to offer students
free, straightforward access. Such models could contain built-
in guardrails to facilitate a guided use. Integrating prompt-

recommender-systems could also assist students in optimizing
their queries. In the long run, it is essential to not only offer
tools as resource but to integrate them into educational setting,
evaluate them, and reflect upon their use.

APPENDIX

A. Survey Questions

Q1 Programming Experience before Course.

Q2 Did you use ChatGPT prior to this exercise for assignments?

Q3 How often do you use ChatGPT?

Q4 On average, how long do you engage with ChatGPT in a single session?

Q5 Which platform do you primarily use for accessing ChatGPT?

Q6 Please select all the tasks for which you used ChatGPT. (Check all
that apply)

Q7 How would you rate the ease of using ChatGPT? (Likert scale, 1 Very
difficult - 5 Very easy)

Q8 To what extent has ChatGPT helped in improving your programming
skills or solving coding problems? (Likert scale, 1 Not at all - 5 Greatly
improved)

Q9 Rate the accuracy and relevance of the responses provided by ChatGPT.

(Likert scale, 1 Very inaccurate - 5 Very accurate)

How satisfied are you with your overall experience using ChatGPT for

programming assistance? (Likert scale, 1 Not at all - Very satisfied)

How likely are you to recommend ChatGPT as a support tool to a

programming novice? (Likert scale, 1 Not at all - 5 Highly likely)

Please share three positive aspects or examples of your experience

using ChatGPT. What did you find most valuable or beneficial? (open)

Please share three negative aspects or examples of your experience

using ChatGPT. What did you find challenging or difficult? (open)

Is there anything else you would like to share about your experience

using ChatGPT? (open)
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