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Abstract 

Generative AI chatbots such as ChatGPT offer new possibilities for supporting learning processes 
in programming education, but their effectiveness depends on their didactic integration. In a 
pilot study, students developed an Arduino project with the help of ChatGPT. Both the programs 
created by the students and their logbooks on prompt usage were analyzed. The logbooks were 
coded using a literature-based category system of effective prompts. The results show that the 
prompts were mostly imprecise, hardly contextualized, and rarely developed iteratively. Stu-
dents often adopted the generated program code without understanding its functional logic, 
which was reflected in difficulties in recognizing and correcting code errors. The findings suggest 
that programming based solely on ChatGPT does little to promote knowledge acquisition among 
novices and may even hinder it. 
 
Generative KI-Chatbots wie ChatGPT zeigen neue Möglichkeiten zur Unterstützung von Lernpro-
zessen in der Programmierausbildung, deren Wirksamkeit jedoch von der didaktischen Einbet-
tung abhängt. In einer Pilotstudie entwickelten Studierende ein Arduino-Projekt mithilfe von 
ChatGPT. Analysiert wurden sowohl die erstellten Programme der Studierenden als auch ihre 
Logbücher zur Promptnutzung. Die Logbücher wurden anhand eines literaturgestützten Kate-
goriensystems effektiver Prompts kodiert. Die Ergebnisse zeigen, dass die Prompts meist unprä-
zise, kaum kontextualisiert und selten iterativ weiterentwickelt wurden. Studierende übernah-
men den generierten Programmcode häufig, ohne dessen Funktionslogik zu verstehen, was sich 
in Schwierigkeiten beim Erkennen und Beheben von Codefehlern zeigte. Die Befunde deuten 
darauf hin, dass eine rein ChatGPT-basierte Programmierung den Wissenserwerb von Novizin-
nen und Novizen kaum fördert oder ihn erschweren kann. 
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1. Background 

Understanding how software works and writ-
ing programs are common requirements in 
technical professions; the complexity of learn-
ing to program often leads to educational fail-
ure and frustration among learners [1]. Gener-
ative AI chatbots such as ChatGPT are increas-
ingly being used in programming education [2, 
3] because they open up novel and promising 
possibilities for supporting such learning pro-
cesses [4, 5]. In addition to pure code genera-
tion, they can provide explanations, identify 
syntax errors, or offer alternative solutions [6]. 
Their use is now also increasingly being dis-
cussed in subject-specific didactic research [7, 
8]. Overall, the integration of OpenAI into pro-
gramming education is becoming a general 
trend, with chatbots, intelligent tutoring sys-
tems, and automated assessment systems en-
abling personalized support and feedback [1, 
9].  

Co-programming tools are also gaining in im-
portance, integrating generative AI directly into 
development environments (e.g., Cursor/X, 
Visual Studio Code with GitHub Copilot, or de-
velopment environments with agents such as 
Antigravity or Gemini), thus enabling a high de-
gree of task and process integration in the pro-
gramming workflow [23]. In scientific studies, 
this closely interlinked form of human-AI col-
laboration is described as a "cyborg" approach, 
in which the workflow is continuously inter-
twined with AI interactions (in contrast to more 
division-of-labor-based "centaurs") [23]. 

Typical strengths of generative AI chatbots lie 
in natural language processing and the possi-
bility of personalized feedback [10, 11, 12]. In 
addition, models from alternative providers 
(e.g., Anthropic Claude Opus medium) are of-
ten shown to be very powerful in public perfor-
mance comparisons (e.g., SWE-bench). 

Nevertheless, their use also has limitations, for 
example in the form of faulty code, superficial 
logic, or ethical issues [10, 12, 13]. High expec-
tations of the benefits of AI, coupled with per-
ceived risks, confirm this ambivalence [14]. 

A similar tension exists in the educational con-
text: while some students report individually 
perceived increases in efficiency and learning 
progress, teachers observe losses in quality 

and competence among learners resulting 
from the use of OpenAI [2]. It is often found 
that the use of OpenAI encourages a more re-
ceptive style of use, with students tending to 
copy and paste the generated code without 
understanding how it works [3, 8]. Particularly 
critical is the finding that the use of ChatGPT 
leads to a significant decline in collaborative 
learning (interaction and discussion) [2]. 

Although established guidelines for learning-
promoting prompting exist in the literature, 
these have rarely been consistently imple-
mented in practice to date. These include sim-
ple chain-of-thought prompts (e.g., from the 
general to the specific), which increase the ac-
curacy and quality of AI responses [6], as well 
as the frequently cited Five S framework (con-
textualization, precision, structuring, meta-or-
ganization, iteration) as a practical heuristic for 
improving output quality [8]. Studies report 
that learners without a didactic framework 
overlook the fundamental aspects of success-
ful prompting, so that the actual learning pro-
gression tends toward passivity [2]. This logi-
cally leads to deficits in the ability to under-
stand, critically analyze, or modify program 
code [2]. In this way, the potential of generative 
AI chatbots can be used less as a learning aid 
and more as a shortcut to solutions [2]. In this 
context, researchers warn against "blind trust," 
as the easy option of having ChatGPT provide 
solutions can impair the development of one's 
own critical thinking and independent prob-
lem-solving skills [12]. Instead, knowledge 
should be acquired through dialogue, in this 
context through feedback interactions with 
ChatGPT [15]. Overall, the research results to 
date suggest that ChatGPT is only of limited 
benefit to learning in programming without 
educational measures [16, 17]. 

One possible reason for this could be an insuf-
ficient understanding of how AI systems 
work—in particular, what inputs are required 
for learning processes, not just for generating 
outputs. A lack of knowledge about the specific 
wording of individual prompts and the meta-
cognitive ability to use them strategically 
therefore makes it difficult to use AI effectively 
for learning. It is therefore recommended that 
the use of prompts and reflection on the limi-
tations of AI be explicitly included in the learn-
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ing content in order to prevent the develop-
ment of possible competence deficits [4, 12, 
14]. 

 

2. Research questions 

Since there have been no studies to date on 
the learning effectiveness of generative AI 
chatbots in teacher training in the context of 
technical education, there is a need for further 
research. It remains to be clarified how AI chat-
bots can be integrated into the learning pro-
cesses of teacher training students in such a 
way that they promote competence develop-
ment. 

In order to address this question, it seems nec-
essary to first examine whether teacher train-
ing students who learn programming intui-
tively with the help of ChatGPT actually acquire 
only limited programming skills. In addition, it 
is necessary to investigate how students for-
mulate their prompts for generating program 
code and how the quality of these prompts re-
lates to their programming skills and the qual-
ity of the resulting code. On this basis, the fol-
lowing two research questions are formulated: 

1. How do students formulate prompts in 
ChatGPT to obtain program code? 

2. How does the formulation of prompts relate 
to programming skills and the quality of code 
functionality? 

 

3. Pilot study 

Task 

In February 2025, a pilot study was conducted 
in a technology class (secondary level I) in 
which teacher training students (N = 13), most 
of whom had little or no programming 
knowledge, developed their own projects. The 
task was to design and implement a technical 
system using an Arduino Uno R4 in the online 
application TinkerCAD. This system was to con-
tain at least two sensors and two actuators and 
implement corresponding measurement, con-
trol, and regulation functions. 

An example model (Fig. 1) includes level meas-
urement using an ultrasonic sensor, an LED 
display in traffic light logic, and the control of a 
DC motor via a transistor switch depending on 
the measured fill level, whereby the motor is 

switched via a relay controlled by the transistor 
so that the Arduino only supplies the control 
current and the motor current flows sepa-
rately via the 9 V supply. The LEDs visualize 
three states: green signals a non-critical range 
(small distance, high fill level), yellow signals a 
warning range (increasing distance, decreasing 
fill level), and red signals a critical range (large 
distance, low fill level) in which the motor—for 
example, as a drive for a water pump—is acti-
vated. In addition, a blue status LED is provided 
to indicate active pump operation inde-
pendently of the traffic light display, for exam-
ple at a spatially separate location as an oper-
ating indicator. The distance, which is visual-
ized to the right of the ultrasonic sensor in the 
model by a blue marker, is varied manually in 
the learning environment to simulate different 
fill levels. Participants were expressly permit-
ted to use ChatGPT and other online resources 
to create the corresponding programming 
code. Most students used the free version of 
ChatGPT. They had access to GPT-4o (with us-
age limits) and o3-mini; when the limits were 
exhausted, GPT-4o mini could be used. 

While working on the tasks, the students kept 
a logbook in which they documented prompts 
addressed to ChatGPT. 

 

 
Fig. 1: TinkerCAD simulation of an Arduino Uno pro-
ject for distance measurement and motor control 

 
4. Method 

The pilot study followed a mixed-methods ap-
proach. In addition to analyzing the code cre-
ated and the ability to understand the logic of 
this code, the prompts documented by the stu-
dents were evaluated. Questionnaires were 
also used to collect self-reported information 
on programming and ChatGPT knowledge. 
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The study primarily aims to record perfor-
mance indicators during task completion 
(product- and comprehension-oriented as-
pects of programming ability) and not to quan-
tify learning gains in the sense of a before-and-
after comparison. Statements about "compe-
tence acquisition" therefore refer to evidence 
from observable understanding, explanation, 
and modification in the task process. 

Analysis of self-reported prior knowledge 

To assess the students' prior knowledge, their 
self-reported information on their use of 
OpenAI and programming skills was collected. 
Two people were excluded from further analy-
sis because they stated in their self-reported 
information that they had advanced program-
ming skills, and the study was aimed at nov-
ices. 
The self-assessment test used covers the di-
mensions (1) "Fundamentals of programming" 
and (2) "Working with OpenAI or ChatGPT." The 
first dimension covers aspects such as creating 
simple block- or text-based programs (e.g., "I 
can create simple text-based programs"), un-
derstanding basic structures such as loops, 
conditions, variables, as well as debugging and 
test runs. The second dimension covers self-
assessment of understanding and use of 
ChatGPT. It includes knowledge of how it 
works and its limitations, the ability to formu-
late prompts, assessment of response quality, 
and reflective application in different contexts 
(e.g., "I use systematic methods, such as step-
by-step explanations, to get better answers"). 
Participants rated their abilities on a five-point 
Likert scale (1 = uncertain to 5 = confident). For 
further analysis, the five response levels were 
first transformed to a linear scale from 0 to 1 
(unsure = 0; somewhat unsure = .25; neutral = 
.5; somewhat sure = .75; sure = 1). On this ba-
sis, the mean values of both dimensions were 
determined. 

Analysis of prompt formulations 
Based on the established Five S framework 
model [8], a category system was used to ana-
lyze the prompts. It comprises a total of seven 
dimensions that systematize key recommen-
dations for effective prompting with AI sys-
tems such as ChatGPT: 
• Context: Strategies for establishing a con-

tent-related or social frame of reference. 

These include embedding situations and 
formulating contextualized or orienting 
prompts [18]. In addition, role and persona 
assignments [5, 17] as well as the integra-
tion of examples and external information 
can increase the chatbot's connectivity 
[19]. 

• Precision: Techniques for linguistic and the-
matic refinement. This refers to explicit ex-
pressions, linguistic simplifications, and 
the concretization of questions [8]. 

• Structuring: Measures that promote a clear 
and logical structure of AI outputs. These 
include step-by-step instructions, strate-
gies for dealing with ambiguities, and tech-
niques such as "zero-shot chain-of-
thought" (e.g. “Think step by step”), which 
stimulate explicit thought structures [6, 
19]. 

• Meta-organization: Higher-level control 
mechanisms in the prompting process. Ex-
amples include differentiating between 
task types, defining learning styles, creat-
ing your own format logic, or requesting 
specific visualizations [6, 17]. 

• Iteration: Forms of sequential prompting in 
which subsequent inputs follow on from 
previous outputs in a targeted manner. 
These include "prompt chaining," "dialogic 
prompting," and "flipped interaction," in 
which responses are developed step by 
step and converted into a connectable se-
quence. Requesting feedback also falls into 
this category [5]. 

• Normative-ethical aspects: Cross-cutting is-
sues such as ethical questions or the ten-
sion between user intention and AI-gener-
ated creativity [5]. 

• Ineffective prompting: Typical forms of 
prompting that are ineffective, such as un-
clear wording, unrealistic expectations of 
AI, or excessive detail [17]. 

In total, the category system comprises 28 in-
dividual categories, which are distributed 
across the seven dimensions as follows: Con-
text (7), Precision (5), Structuring (4), Meta-or-
ganization (4), Iteration (3), Ineffective Prompt-
ing (3), and Normative-ethical aspects (2) (see 
Appendix 1). 

The prompts were evaluated on a criteria-ori-
ented basis using a dichotomous scale, with a 
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code being assigned to each category (1 = ap-
plies, 2 = does not apply). No exclusive assign-
ment to only one category was made. The fre-
quencies of the codes per category were then 
calculated. 

Interrater reliability 
An interrater reliability analysis was performed 
to verify the reliability of the coding. For this 
purpose, 50% of the data was double-coded by 
two independent raters using the category 
scheme. To determine the overall consistency, 
a global kappa value (k) according to Cohen 
[20] was calculated across all double-coded 
units. According to Landis and Koch [21], the 
resulting value k = 0.76 indicates substantial 
agreement between the raters. 

Analysis of programming ability 
In this study, programming ability is under-
stood as the competence not only to create 
functional code or have it generated by 
ChatGPT and apply it, but also to understand 
and explain its logic [11]. This construct was di-
vided into two sub-aspects: 
(1) Product-oriented through the programs cre-
ated by the students in TinkerCAD, which pro-
vide information about syntactic correctness 
and functional feasibility. 
(2) Understanding-oriented, since pure code cre-
ation does not necessarily reflect underlying 
programming ability [22]. To this end, students 
were asked to explain how their code works 
and the relationships between individual lines 
and sections of code. If their program codes 
contained errors, these were to be identified 
and corrected. 

This was intended to reveal any possible dis-
crepancy between "functional results" and 
"conceptual understanding." Limitations in ex-
plaining and modifying were interpreted as in-
dications of limited comprehension-oriented 
competence (development) in the task pro-
cess. 

 

5. Results 

Self-assessment of prior knowledge 

The participants' self-assessments show that, 
on average, they had moderate prior experi-
ence with OpenAI applications (M = .77; SD = 
                                                        
1 M = mean value; SD = standard deviation 

.19)1 , while they rated their programming 
skills as low (M = .34; SD = .30).  

Research question 1 

Analysis of the prompts created by students 
shows that the prompting principles recom-
mended in the literature were rarely imple-
mented. These include, in particular, the Five S 
strategies according to Tassoti [8] and other 
best practices of prompt engineering [5, 6, 17, 
18]. Across all codings, only about 
• 11% of the observed categories met the cri-

teria of the respective principles, while in  
• around 89% of cases no application of 

these principles could be identified. In-
stead, a one-time prompt entry by the stu-
dents followed by the adoption of the gen-
erated program code predominated in 
most cases. 

Since the participants were not introduced to 
these techniques, prompting was probably 
largely intuitive. 
Research question 2 
The results of the pilot study also show that the 
code generated and adopted by the students 
using ChatGPT was generally functional and 
controlled the models correctly. However, sig-
nificant difficulties arose when adjustments 
were necessary and the learners had to modify 
the code themselves. 
Overall, the students found it difficult to keep 
track of the code and explain the logical con-
nections between individual lines or sections. 
In relation to the operationalization of pro-
gramming ability (product- and understand-
ing-oriented) defined in Chapter 4, this reveals 
a discrepancy: while the product-oriented re-
sults are successful, the understanding-ori-
ented component remains limited in many 
cases. 

 

6. Discussion 

The results observed in this pilot study suggest 
that the potential of ChatGPT was often ex-
ploited at the expense of actively engaging 
with programming content. This could have led 
to a passivization of the learning process and 
limited the ability to analyze and correct er-
rors: Many participants were unable to identify 
and fix the flaws in the generated code. 
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This confirms that although ChatGPT can serve 
as a supportive tool in programming instruc-
tion, it is not a substitute for established di-
dactic concepts for novices [2]. Accordingly, 
the finding should not be interpreted as a "def-
icit" on the part of the students, but rather as 
a possible consequence of a lack of instruction. 
However, it is relevant for the classification of 
the (limited) acquisition of skills that the ob-
served style of using ChatGPT reduced the 
number of learning opportunities in which 
learners had the code explained step by step, 
varied it in a reasoned manner, diagnosed er-
rors, or improved it iteratively. 

The use observed in this study carries the risk 
of reinforcing dependencies on external 
knowledge rather than building skills. This 
highlights the need to systematically promote 
prompting as a skill in its own right. 

However, the literature does not consistently 
support this assumption: Sagar [17] reports 
cases in which learners without a structured 
prompting framework achieved better results 
than learners who learned with a framework. 
Possible reasons for this could lie in the suita-
bility of the framework used or in the different 
learning strategies of the participants. Studies 
in the field of physics education also show that 
the quality of ChatGPT outputs depends heav-
ily on the prompting used and can be signifi-
cantly improved through targeted techniques 
[6]. Further research should therefore clarify 
how frameworks need to be designed in order 
to productively support different learning 
strategies. 

For teacher training in the subject of technol-
ogy, this means that not only the possibilities 
but also the didactic limitations of generative 
AI must be taken into account in a reflective 
manner. The development of prompt compe-
tence should be established as a learning ob-
jective. In addition, it makes sense to establish 
a progression that leads from basic handling to 
the analysis of external solutions to the inde-
pendent development and optimization of 
prompts. 

Without targeted guidance, there is a risk that 
AI assistance will inhibit independent activity 
and competence development. Embedding it 
in didactically designed learning environments 
can counteract this by promoting problem-

solving skills, strategic approaches, and 
knowledge acquisition. Future research should 
therefore investigate how AI-supported pro-
gramming assistance can be integrated into 
learning processes in such a way that these 
beneficial effects are actually realized. 

 

7. Limitations 

The significance of this pilot study is limited by 
several restrictions. 

First, the sample size is small (N = 13) and lim-
ited to teacher training students in a specific 
context (Arduino Uno in TinkerCAD). This calls 
into question the transferability of the findings 
to other target groups, learning environments, 
or real hardware setups. 

Second, there was no comparison condition 
with, for example, an introduction to effective 
prompting strategies as a varying factor. This 
makes it impossible to determine conclusively 
whether the difficulties observed are due to 
the use of AI itself or to the lack of didactic 
framing when using such tools. 

Third, the analysis of prompt quality was based 
on a dichotomous coding scheme (1 = true, 2 = 
false). This binary approach reduces gradual 
differences and can level out subtle qualitative 
gradations in prompt quality. 

Fourth, human-AI collaboration in this study 
was primarily realized as "AI as a teammate" (in 
the sense of a counterpart). Other modes of 
collaboration, in particular highly integrated 
co-working approaches in the sense of a "cy-
borg" mode [23] in which humans and AI work 
in an interlinked and iterative manner, were 
not implemented. Therefore, in view of the 
Five-S framework model [8] outlined in this pa-
per, it should be noted that this framework 
model was primarily developed for classic 
chatbot interactions. In other models, e.g., with 
explicit reasoning mechanisms, identical 
prompts can trigger different response strate-
gies; the inconsistency in the literature dis-
cussed in Chapter 6 should therefore be inter-
preted against this background. 
The findings of this work should be under-
stood as trends and provide initial indications 
of prompting practices and challenges in AI-
supported programming learning by teacher 
training students in the subject of technology. 
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Their confirmation and generalization require 
further studies with larger and more heteroge-
neous samples as well as controlled designs in 
order to systematically examine the observed 
correlations and capture them in a more differ-
entiated manner. The type of human-AI collab-
oration (e.g., centaur vs. cyborg) could also be 
taken into account as an experimental factor. 
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Appendix 
 
Appendix 1. Overview of the "prompting principles" category system with its own assignment to the seven dimensions. 

 
 


