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Abstract—This research full paper strives to shed light on 

educators' ways of dealing with the rapid advances in generative 
AI tools, which have opened up new challenges and 
opportunities for learners and educators alike. Both are 
confronted with the opportunity of supporting themselves in the 
completion of a wide range of tasks in this new reality. The study 
presented here aims to identify different strategies teachers use 
to develop their competences in responding to students’ AI 
usage and in utilizing this new technology for their own 
professional tasks. Strategies are identified through a series of 
semi-structured qualitative interviews with a diverse group of 
nineteen teachers from two vocational and three general 
education secondary schools in urban and rural areas of 
Austria. The participants are mainly teaching technical and 
language subjects and range from technical experts teaching IT 
to general education teachers who are faced with the need to 
quickly adapt to learners with different levels of digital and AI 
competences. The findings of a qualitative content analysis of 
the gathered data are contextualized with previous work on 
educators' digital competence development and comparisons 
are drawn. It was found that a major contribution to the 
educators' skills in handling generative AI technology was made 
through self-regulated learning facilitated by various resources 
ranging from academic literature to social media and 
experimentation, as was the case with general digital skills. 
Nevertheless, the desire to be formally supported in further 
developing AI competence through training was voiced with 
requirements for this training being that the content is up-to-
date, contains practical examples, and is delivered by experts. In 
addition, open, inclusive forms of seminars were suggested. 
These findings aim to inform curriculum designers, teacher 
educators, professional development trainers and 
administrators. Furthermore, struggling educators will find a 
starting point for self-organized work on their AI competences 
and pointers to potentially useful resources both for their 
teaching and their own learning in the field. 

Keywords—AI competence; GenAI, teacher's competence; 
competence development, self-regulated learning, LLMs 

I. INTRODUCTION 

As generative AI (GenAI) technology becomes more 
sophisticated and easily accessible, educators are confronted 
with a new teaching reality where these powerful tools are 
readily available to their learners as well as to themselves. In 
order to adapt to that teaching situation and to utilize the 
potential that comes with it, educators will certainly require 

new competences in working with these tools as well as in 
managing their teaching in this new context. 

As with other competences relevant to their profession, 
educators need to acquire these new sets of knowledge and 
skills. Understanding how they go about acquiring these 
specifically, which factors can hinder or aid in this process and 
whether there is a difference to the acquisition of general 
digital competences is central in lying the groundwork for 
enabling proficient and effective teaching with GenAI. 
Therefore, we strive to examine which strategies educators 
apply when developing their AI-related skills1 and what the 
factors are that influence their competence development in 
this context. The findings are intended to speak to curriculum 
designers, politicians, teacher educators, professional 
development trainers and administrators who want to 
mindfully navigate the social- and digital transformation. 

II. BACKGROUND 

A. AI literacy and the importance thereof in teaching 

With the rapid development of GenAI systems – mostly 
pertaining to Large Language Models (LLMs) and image 
generators – in terms of their capabilities and availability, 
applications of these systems have become subject of study in 
increasingly many contexts ranging from societal challenges 
like combating climate change [1] or working towards an 
inclusive society [2,3], medicine [2,4] to entertainment [3,5]. 
The field of education is no exception. The utilization of AI 
for learning and teaching has become interest of numerous 
studies [6,7], but also other applications in the domain of 
education, such as utilizing generative AI for learning 
analytics [8], have been researched in recent years. 

In reaction to the rapid advances in and the growing 
influence of GenAI, several competence frameworks 
modelling the knowledge and skills required to manage 
working with GenAI technology – both in general contexts as 
well as in education – have been developed over the last years 
[9,10]. Likewise, many of the most widely-known digital 
competence frameworks – again both general and teaching-
specific ones – have been adapted to include AI literacy in 
some capacity as it was argued that new AI related skills and 
knowledge are related to overall digital competence [11 – 13]. 
Regardless of individual representations, there seems to be a 
consensus that working with GenAI tools in schools requires 
a new set of competences from educators [11 – 13]. A crucial 
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question in this dynamic context is how teachers may acquire 
these new digital, AI-related competences and what factors 
contribute to or hinder this development. 

B. Educators’ competence development 

The development of educators’ competences in the 
contexts of computing and digitalization as well as in general 
and in formal, institution-guided settings, as in initial teacher 
training and in teacher professional development, has been an 
area of interest in education research for decades [14 – 17].  

However, other forms of knowledge and skill acquisition 
were also found to be essential in this area [14, 18 – 20]. D. 
Masoumi & O. Noroozi [14] provide an overview of the 
different strategies used specifically for professional digital 
competence (“PDC”) development of early career teachers. 
These include formal courses in the contexts described above 
but also mentoring and self-organized approaches. 

The development of teachers’ AI-related competences 
specifically and how it may be supported through training has 
been subject of studies only in recent years [21]. Different 
methodological approaches to equipping educators with these 
competences have been proposed and evaluated [22]. The 
manner in which educators are developing those new AI-
related competences in reality and which support structures 
are effective in facilitating this development has not been 
investigated in sufficient detail so far. 

C. Research questions 

Consequently, the aim of this paper is to answer the 
following research questions: 

(1) What are the teachers’ attitudes towards AI, and which 
use cases for GenAI-technology do they discern?  

(2) How do teachers develop their AI competence in 
practice and in how far do the practices of developing 
AI competence overlap with results from Masoumi & 
Noroozi [14]? 

(3) What are the main factors that contribute to the 
development of teachers' AI competence and in how 
far do these factors overlap with those identified by 
Masoumi & Noroozi [14]? 

(4) What differences are there between teachers of 
technical and non-technical subjects? 

III. METHODOLOGY 

A. Research Design 

This research project employed a series of semi-structured 
interviews for data collection and followed the qualitative 
content analysis method for evaluating the gathered data.  

B. Expert Interviews 

For data collection, educators were contacted through the 
school and university channels available to the authors. 
Overall, a total of 19 teachers from five different schools 
participated in the interview series. Of the five schools, three 
are general education secondary schools, while the other two 
are vocational upper secondary schools with different 
technical departments. Of each of the school types, one school 
is located in an urban area while the others lie in rural areas. 

Of the nineteen participants, three were teaching computer 
science at a general education secondary school (labelled as 
group GT (general education school, technical subjects)) 

while fifteen were teaching various subjects at a vocational 
secondary school during data collection. Of them, eight are 
qualified to teach technical subjects from the fields of 
computer science and information technology (group VT 
(vocational, technical subjects)). One teaches computer 
science but was not formally trained for it. He is grouped in 
with the teachers who are qualified for non-technical subjects 
(group VG (vocational school, general education subjects)). 

The group is distributed relatively evenly in terms of 
gender. Ten of the nineteen participants are female, nine are 
male. Overall, the interviewees’ teaching experience varied 
from under one to over 35 years at the time of data collection. 
A detailed overview over the individual participants is 
presented in Table I. 18 of the 19 participants have used 
dedicated GenAI tools for professional tasks at least once. 12 
reported dedicated usage of such tools in their lessons2.  

TABLE I.  PARTICIPANTS IN THE INTERVEIW SERIES 

ID gender subjects experience region 

VT1 male 
Programming, Data Science & AI, Project 
management 

6 years rural 

VT2 male 
Database Systems, Applied Computer 
Science, Computer Architecture, Game 
Development & VRa, Programmingb 

6 years rural 

VT3 male 
(Web and Mobile) Programming, 
Geographyb 

7 years rural 

VT4 female 
Data Science & AI, Applied Mathematics, 
Project Management 

10 years urban 

VT5 male Media Technology, Project Management 6 years urban 

VT6 male 
Foundations of Computer Science, Net-
work Technology, Computer Architectureb 

21 years rural 

VT7 male 

Applied Computer Science, Computer 
Architecture, Game Development, Found-
ations of Computer Science, Network 
Technology, Database Systems, History 

4 years rural 

VT8 female 
(Web and Mobile) Programming, Media 
Technology, Computer Architectureb 

9 years rural 

VG1 male English, Ethicsc 11 years rural 
VG2 female English, Frenchc 18 years rural 
VG3 female English, Religious Education, Ethics 19 years rural 
VG4 male Construction, Applied Computer Scienced < 1 year rural 
VG5 female English, German 1 year rural 
VG6 female German, Russianc 35 years rural 
VG7 female English, German 36 years rural 
VG8 female German, Ethics, Philosophy & Psychologyc 3 years urban 
GT1 male Computer Science, Geography 3 years urban 
GT2 female Computer Science, Geography, Englishe < 1 year rural 

GT3 female 
Computer Science, Philosophy & 
Psychology, Ethics 

5 years rural 

a. did not teach this subject at time of data collection, but was involved in planning for the year after 
b. did not teach this subject in the term during which data was collected, but has taught it in the past 

c. qualified to teach this subject, but had not taught it outside of training by the time of data collection 
d. out of field (was not formally trained for that subject but is usually supported by a teacher who is) 

e. was undergoing training for this subject during data collection and has not yet taught it beyond that 

The first author conducted the expert interviews following 
the principles laid out in [23] and [24]. This was done in order 
to create an atmosphere where the participants were likely to 
speak freely and share their experiences more openly. The 
interview guide presented in Table II served as a loose 
guideline and while all educators were asked all questions, the 
order was varied in accordance with the flow of the interviews 
and the educators were given the freedom to go on tangents or 
add anything they considered important at any point during 
the talks. The interview guide was originally formulated in 
German and translated into English for this paper, as for the 
interviewees’ convenience eighteen of the interviews were 
conducted in German and only one was held in English. The 

2 for information on individual participants’ usage of specific GenAI 
tools, see Table XI in the appendix 



individual interviews took between 32 and 67 minutes, 
averaging at approximately 47 minutes. 

TABLE II.  INTERVIEW QUESTIONS RELEVANT TO THIS PAPER 

ID question 

Q01 
Do you think AI is a disruptive technology? To what extent do you 
think this label is warranted? 

Q02 How many years have you been teaching so far? 

Q03 What subjects are you teaching? 

Q04 Did you notice that your students are using AI in the classroom?  

Q05 
How do you manage this? How do you respond to that? Do you think 
that anything could help you manage these situations better? 

Q06 
Do you use AI for your professional tasks? Why / why not? What tasks 
do you use them for? 

Q07 Did you notice that your colleagues use AI for other tasks? 

Q08 
Do you have any resources for work with AI that you find useful? 
Where did you get them from? 

Q09 Did you attend any professional development courses dealing with AI? 

Q10 
Would you be interested in (further) professional development courses 
on the topic? Why / Why not? 

Q11 Do you use AI outside of your professional tasks? Why / Why not? 

Q12 
Do you think that AI adds or subtracts value to the teaching profession? 
Did you notice any other changes? How do you feel about that? 

The broader term “AI” was deliberately used during the 
interviews and only specified after the initial answers were 
given or when interviewees expressed uncertainty. This was 
done to not limit responses. The tools used by the teachers and 
their learners were elicited to check if they matched our 
research interests. All participants reported on LLMs (mostly 
chat-bots and assistants) being used by them or their learners3. 

Whenever possible, the interviews were recorded for 
documentation purposes. One educator opted out and a life 
transcription was made during the interview instead. AI-aided 
transcriptions [25 – 27] of all recordings were created and 
checked by the first author.  

All participants who were willing to read the transcriptions 
of their interviews received them for review. This not only 
further positioned them as co-authors of the data and gave 
them control over how much they share, as a means to further 
establish a safe environment for them to express their 
experiences, but also served as a tool for participant validation 
[23]. Furthermore, the interviewer used active listening [28] 
during all the interviews as an additional first measure for 
participant validation [23]. Also, all participants were 
available for further questions per e-mail or in person. 

Transcriptions were screened during the data collection 
process. As the later interviews tended not to bring up new 
topics, the data was considered sufficient and theoretical 
saturation [29] was reached to a high degree. 

C. Data analysis 

The whole corpus of transcripts encompassing a total of 
109351 words was then screened for passages relevant to the 
research interests in this project and shortened accordingly by 
the first author yielding 28942 words over all extracts which 
were included in the corpus of this study. After this pre-
processing was completed, a qualitative content analysis as 
described in [30, 31] and utilizing open coding as proposed in 
[32] was conducted by the team utilizing the spreadsheet 
application MS Excel, the file-sharing server of their 
university and several small software tools written by the first 
author. This approach was chosen as the team already had 
experience with it and due to the availability of the tools used. 

The identification of units of analysis – which we defined 
as meaningful, coherent statements, be they a phrase, part of a 
sentence, a sentence or even a few sentences – for three 
interviews was done by both authors during a meeting. The 
other interviews were processed individually and then 
discussed in two follow-up meetings. Based on the 804 units 
of analysis defined in this process, both authors independently 
built upon an initial category system that was deductively 
derived [30, 31] from the findings of Masoumi and Noroozi 
[14], adding inductively generated categories [30, 31] after 
engaging with the data. The resulting category lists were 
discussed in two meetings and combined into a refined 
system, which was used in the coding of the identified units. 

The coding process was started by a calibration phase in 
which all units from six interviews – two from each group of 
participants – were coded by both authors. This first coding 
yielded an agreement of 70 percent between the authors. The 
mismatched codes were discussed during a meeting where an 
agreement of 100 percent was reached for the units under 
discussion and the coding framework was adapted another 
time based on the insights gathered during the collaborative 
coding. The remaining units were consecutively categorized 
individually, results were collected in a shared document, and 
another meeting was held, where uncertainties were 
discussed, and full agreement was reached. This way, a high 
degree of inter-coder-reliability was ensured [30, 31]. 

IV. RESULTS AND INTERPRETATION 

A. Category system 

Based on the research interest, factors contributing to as 
well as strategies used for AI competence development in 
teachers were chosen as two of the main categories. Further, 
the information sources used by the educators, their learning 
goals and needs as well as their application of GenAI were 
analyzed. A detailed description of the developed category 
system can be seen in Table III.  

TABLE III.  TOP-LEVEL CATEGORIES IDENTIFED IN THE ANALYSIS 

category description examples units 

Factors 
supporting or 
hindering 
development 
[14] 

any contextual or internal 
factors that  allow, support or 
hinder the development of 
AI competence in educators. 
See Table IV.  

see Table IV 
432 
(54%) 

Strategies for 
competence 
development 
[14] 

any manner of competence 
development that educators 
employ for their AI literacy. 
See Table V. 

see Table V 
111 
(14%) 

Information 
sources 

anything relating to where 
the interviewee found new 
information facilitating (or 
otherwise relevant to) their 
AI literacy development 

“Yup. Colleagues, said: 
‘That’s what I’ve already 
done …’ ” (VG1), 
“I found that in an ethics 
schoolbook …” (VG8) 

72 
(9%) 

Learning 
goals (and 
needs) 

what the interviewee wants 
to learn about GenAI and if 
they require support in doing 
so or not 

“… how you can use it” 
(VT7), “I wouldn’t really 
find the theoretical side all 
that interesting.” (VT3) 

83 
(10%) 

AI app-
lication areas 

for which tasks and 
purposes the educators 
utilize GenAI tools (or plan 
to do so) 

“I occasionally use 
Midjourney for creative 
purposes” (VT5), “When I 
create a handout, I just 
copy in the text and say ‘In 
English please!’” (VG8) 

60 
(7%) 

Since factors contributing to or hindering digital 
competence development in educators were already identified 
by Masoumi and Noroozi [14] and AI literacy is considered 

3 for more information, see Table XI in the appendix



closely related to digital competences [11,12], these factors were 
carried over from their work. The factor of leadership was not 
identified as present in the data analyzed and therefore omitted. 

In addition to these outer influences, the attitudes, emotions, 
experiences, knowledge, and skills of educators as well as their 
expectations of the effects of GenAI use were identified as 
relevant factors in the analysis. Table IV provides an overview. 

TABLE IV.  FACTORS SUPPORTING OR HINDERING DEVELOPMENT 

category description examples units 

Attitudes, 
emotions, 
know-
ledge, skills 
& motiv-
ational 
factors 

the interviewee’s own views 
and motivation (not the 
views and motivation of their 
colleagues (see “Institutional 
culture”)) but also their 
background knowledge, 
skills and previous 
experiences 

“I’m not scared of AI. I’m 
scared of using it. And 
[…] where does fear come 
from? Fear comes from 
the unknown.” (VG1), “… 
because I always found it 
fascinating” (VG3), “the 
famous ChatGPT or what-
ever it is – I don’t know all 
of these tools” (VG2) 

199 
(46%) 

Expected 
effects of 
AI use 

the expected or perceived 
usefulness or effects of AI 
usage according to the 
interviewee 

“But what new things 
should that lead to in 
English lessons? Other 
than you getting new 
support tools, nothing 
much can happen there.” 
(VG2), “I would say AI is 
an enabling technology.” 
(VT8) 

36 
(8%) 

Institut-
ional 
culture [14] 

the norms, values, habits and 
expectations at the school 
that the educator works at 
(including the attitudes of 
colleagues) 

“… it’s […] not always easy  
[…] in this surrounding to 
have open-mindedness …” 
(VG1), 

36 
(8%) 

Workload 
[14] 

how much time is available 
for competence develop-
ment and what other 
activities demand the 
interviewee’s time  

“You have to try it out and 
go over it and that is a very 
time-consuming story.” 
(VT1) 

25 
(6%) 

Avail-
ability & 
access-
ibility of 
resources 
[14] 

the access to technology and 
digital or material resources 
available to the educator and 
how they affect the com-
petence development (not 
including human resources 
and courses), materials 
handed out by institutions (if 
they are not part of a 
development opportunity) 

“Of course, it would be 
great if I  – as a teacher – 
could draw upon a pool of 
resources that helps me 
teach AI competences […] 
a bit better” (VT5), 
“Material exists and it’s 
sufficient at the moment.” 
(VT6) 

51 
(12%) 

Technical 
& peda-
gogical 
support 
(initiatives 
and offers) 
[14] 

any support structures than 
might help educators 
develop their competences 
(including technical and 
pedagogic support as for 
instance development 
opportunities such as courses 
but not digital and material 
resources) and their 
availability 

“As far as I know, there are 
no concrete courses 
offered where I teach …” 
(GT2), “We had a course 
at our school once.” 
(VT7), “… but that has to 
be a lecturer who 
outsmarts me, […] who 
knows more about that 
than I do.” (VT2) 

85 
(20%) 

The competence development strategies identified by 
Masoumi and Noroozi [14] were also carried over from their 
work but slightly adapted. For the purposes of this paper, 
development opportunities of any kind were grouped together 
regardless of whether their main focus was AI literacy or not. 
This was done as the topic of AI literacy was often 
contextualized in other courses and interviewees were not 
always clear about the focus of courses. Furthermore, mentoring 
was not found to be a relevant factor in terms of teachers’ AI 
competence development in this study and therefore was not 
considered in the category system. Aside from the previously 
identified strategies, we also found that incidental exposure to 

information or resources regarding AI literacy is a main 
contributor in fostering educators’ competences or at least a 
starting point thereof. Furthermore, the utilization of resources 
played an important role in competence development. Table V 
provides an overview of the strategies identified in the review. 

TABLE V.  STRATEGIES FOR COMPETENCE DEVELOPMENT 

category description examples units 

Active 
exploration to 
develop PDC 
[14] 

educators actively working on their 
competences on their own without 
any institutional guidance 
(including research (searching 
materials, but not using them) and 
experimentation) 

“It was actually 
trial and error. It 
was just … I just 
tried it out.” 
(VT02) 

56  
(50%) 

Incidental 
exposure to  
the topic 

finding or being given inform-
ation about AI without actively 
seeking it out or being informed 
about it in school or in a formal 
setting (accidentally finding a use 
case for AI) 

“That mostly 
happens by chance, 
when I hear that 
this and that tool is 
available now” 
(GT1) 

8 
(7%) 

Resources as a 
way of 
developing 
competences 

using materials to learn and 
develop their competences on their 
own (outside of courses), using 
material for their teaching 

“That’s why I 
usually take most 
things from books” 
(VT1) 

14 
(13%) 

Taking 
advantage of 
development 
opportunities 
[14] 

educators taking part in formal as 
well as informal organized 
development opportunities such as 
courses or internships, engaging 
with a community (of practice) 
with the intent to develop their AI 
or other professional competences 

“I’ve not had any 
seminars yet, 
nope.” (VG1), 
“Other than that, I 
have listened to a 
few – two or three – 
online lectures.” 
(VG2) 

33 
(30%) 

B. Educators’ attitudes towards and expectations of effects of 
GenAI usage 

Overall, 85 units of analysis were identified as statements 
about the interviewees’ attitudes towards GenAI systems or 
the usage thereof in school contexts. Of these, 44 were 
positive with educators stating that they are interested in the 
new technology and want to utilize it. 43 statements conveyed 
a somewhat mixed attitude with 24 of them being neutral or 
stoic acknowledgements that GenAI will need to be 
considered in teaching, four being that the interviewee doesn’t 
mind the availability of GenAI. The remaining statements in 
the mixed group were generally in favor of GenAI but with a 
critical view on it. Calls for careful consideration and 
regulations were grouped in here. A total of eleven negative 
statements were identified as well. Here, educators stated that 
they are not interested in GenAI at all, see it as a threat to 
human interaction or believe that it will make their job more 
difficult as they would have to deal with it in addition to their 
already existing duties. An overview is presented in Table VI. 

TABLE VI.  ATTITUDES OF EDUCATORS TOWARDS AI 

subcategory 
number 
of units 

number of 
interviewees 

positive attitude towards AI 44 12 

neutral accepting of importance 24 10 

critical attitude towards AI 6 4 

completely indifferent attitude towards AI 4 3 

negative attitude towards AI 11 6 

sum 85  

These attitudes partially go hand in hand with the 
educators’ expectations of the effects of GenAI use. Positive 
effects were expected by eight of the interviewees, whereas 
six of them said that they did not believe the positive impact 
of GenAI applications on their area of work to be substantial. 



Two educators reported expecting no positive or negative 
effects whatsoever and two others stated that they were 
worried that the availability of GenAI may detract value from 
their profession. Table VII summarizes the expectations. 

TABLE VII.  EDUCATORS’ EXPECTATIONS OF AI USAGE’S EFFECTS 

subcategory 
number of 

units 
number of 

interviewees 
positive effect expected 16 8 

limited or no effect expected 13 8 

negative effect expected 2 2 

sum 31  

In terms of use cases, 35 statements could be identified as 
professional applications mentioned by the educators, while 
seventeen units of analysis related to private use. The use 
cases in the professional domain were mostly related to 
supporting teaching with AI (n=31), but also covered other 
professional tasks (n=4) such as creating media for the public 
representation of one’s school or supporting administrative 
tasks through self-made AI-supported software. Three 
applications identified by the teachers were related to teaching 
their learners about AI. The private use cases entailed research 
for different interests, creative applications such as AI art, 
generating sample texts for speeches and social media posts, 
learning languages and just playing around with the systems 
for entertainment. Fig. 1 provides an overview. 

Fig. 1. Professional and private AI Use Cases identified by Educators. 

C. Factors Influencing Teachers’ AI Competence Development 

In terms of factors that influence the interviewees’ AI 
competence development, a total of 396 units of analysis were 
coded as relevant. Of these 396 statements, 199 – distributed 
over all interviewees – related to attitudes, emotions, skills, 
knowledge, and motivation of individual teachers, 36 to the 
schools’ institutional culture and 25 to the workload that 
teachers have to manage. The availability of resources was 
mentioned 51 times and of technical and pedagogical support 
85 times. An overview is presented in Table VIII. 

TABLE VIII.  OCCURRENCE OF HINDERING AND SUPPORTING FACTORS 

category 
number 
of units 

number of 
interviewees 

attitudes, emotions, skills, knowledge & 
motivational factors 

199 19 

institutional culture 36 13 

workload 25 13 

availability & accessibility of resources 51 16 

technical & pedagogical support 85 15 

sum 396  

a) Attitudes, Emotions, Skills, Knowledge and Motivation: 
As discussed previously, the attitudes of educators might 
impact their competence development positively or 
negatively. All educators at least acknowledged the need for 

AI literacy in their profession. Two educators stated that they 
believe that negative attitudes prevented their colleagues from 
engaging with the topic. Aside from attitudes towards AI (n = 
85), which all interviewees voiced, the educators also stated 
their attitudes towards development opportunities and 
materials and five educators voiced their attitudes on what 
they consider to be responsibilities of a teacher. There was an 
agreement that professional development should be pursued. 
However, interviewees did not agree on the degree to which 
technical competences should be worked on by teachers. 

Emotions were mentioned less frequently (n=6). Only one 
educator admitted being afraid of using AI, while two others 
claimed that their colleagues expressed fear. The teacher, who 
stated his fear of usage reflected this emotion as a motivator 
for competence development but also acknowledged that 
these fears need to be addressed. Another teacher stated that 
she was frustrated and therefore stopped working on her AI 
competences for some time but was still willing to continue 
learning later. 

Motivational factors were identified as hindering 
competence development in thirteen instances. Two of the 
educators stated that they would rather have more free time 
than work on their competences. Two other educators stated 
that that was reportedly the case for some of their colleagues 
as well. Overall exhaustion was mentioned by one teacher. 
Also mentioned was a lack of reasons for engaging with AI 
due to the educator’s teaching not being affected much by it 
or – in one case – because the interviewee was due to retire 
three months after the interview.  

In addition to attitudes, emotions and motivation, the 
educators’ knowledge and skills concerning GenAI and 
teaching was frequently mentioned (n=32) when it came to 
influencing factors. A lack of knowledge about the new 
technology, where to get help and how to approach GenAI 
usage was reported to be hindering competence development 
eighteen times by ten different interviewees. Six educators 
also stated that they did not pursue development opportunities 
as they found their own knowledge and skills to be sufficient 
for their needs. One of them did so on two separate occasions. 
On the other hand, six educators reported that they profited 
from their previous knowledge on teaching, computer science 
or data science specifically when developing their AI 
competences. 

b) Institutional Culture: The individual teacher’s attitudes, 
emotions and competences, however, are not the only aspects 
influencing their competence development. The institutional 
culture at their schools has been identified as a factor by 
twelve of the interviewees.  This contextual influence can be 
hindering as well as supporting teachers in their development. 
In terms of hindering effects of institutional culture, an overall 
lack of interest in and motivation for professional 
development as well as negative attitudes towards new 
technology amongst their fellow teachers was mentioned by 
six educators. One of them stated that this made her reluctant 
to pursue development opportunities as she did not want to 
travel and learn alone. And while five educators reported a 
lack of support from their colleagues, four others shared that 
there was a habit of information sharing when it came to new 
developments and ways of integrating them into the classroom 
at their schools. 

c) Workload: Aside from social and internal factors, the 
workload of teachers was identified as a major hindering 

 



factor for professional development. Sixteen of the nineteen 
educators mentioned that they did not find as much time for 
developing their competences as they would have needed due 
to other professional tasks requiring their attention. Using 
holidays for professional development was mentioned in three 
of the 25 statements made on the matter. 

d) Availability & Accessibility of Resources: Yet, the 
availability and accessibility of resources and technical and 
pedagogical support were even more prominent among the 
responses. The availability of resources was thematized 36 
times and their accessibility and quality in nine instances. A 
total of 25 statements were made by ten educators about 
technical resources and materials being available, while 
seventeen statements were made by ten interviewees about a 
lack of resources. Here, some educators reported that some 
materials were available, but others would be required. More 
specifically, GenAI tools and material dealing the technical 
background exist but are not always useful to them due to the 
level of detail they have, didactic resources are sparser, 
especially for non-technical target audiences and – according 
to one educator – are often of low quality. 

e) Technical & Pedagogical Support: The availability of 
technical and pedagogical support and development 
opportunities was described as lacking sixteen times by eight 
educators, while 25 statements about development 
opportunities – mostly courses – existing were made by six 
educators. Again, some educators reported some opportunities 
being available to them, but also mentioned that they would 
require different forms of support than what was offered at the 
time.  

Fig. 2 and Fig. 3 provide an overview of all hindering and 
supporting influence factors identified in this study. 

Fig. 2. Distribution of units on hindering factors reported by educators. 4 

Fig. 3. Distribution of units on supporting factors reported by educators. 4 

Many (n=12) voiced their views on what qualities they 
would expect from development opportunities for them to be 
helpful. Expert lecturers were mentioned as important nine 
times by seven educators. Five educators stated on eight 
occasions that content should be practically oriented, geared 

to their teaching context and ideally presented by an 
experienced teacher. Also stated by five participants was that 
school internal seminars would be beneficial due to the ease 
of access and the familiar social environment. Additionally, 
four teachers highlighted the timeframe over which courses 
were held as important. One of them stated that sessions 
should not be too long but rather frequently held. The other 
three reported that many courses were too short. The location 
at which courses were held was mentioned by three 
interviewees as a factor that negatively impacted their interest 
in participation. One educator explicitly stated that she had 
only taken part in online courses so far while two others – who 
did not take any courses yet – stated that they would prefer 
participating digitally over travelling to a teacher college. 
Furthermore, three educators claimed that the content of the 
courses was too shallow for their needs. And while a wish for 
an exchange of experiences between teachers of different 
subjects was voiced by some (n=5), that alone was generally 
seen as insufficient on its own, as sharing expert knowledge is 
also considered a necessity for such seminars to be helpful.  

General education teachers (n=2) voiced interest in 
learning from technical teachers and some of them stated their 
willingness to share their knowledge (n=4). And while four of 
the educators claimed to have learned about GenAI with and 
through their students, one of them specifically suggested also 
including the learners in such a seminar.  

D. Educators’ AI Competence Development Strategies 

Overall, 111 statements were made about different 
competence development strategies. Active exploration was 
mentioned most frequently (n=56) and by all participants. 
Incidental exposure and utilizing resources were mentioned 
eight and fourteen times respectively. And while sixteen 
educators mentioned taking advantage of development 
opportunities a total of 33 times by sixteen participants, not all 
of the statements were about actually taking part in such a 
setting, but some were also negative. This will be explored in 
detail below. An overview of the statements on the different 
competence development strategies is provided in Table IX. 

TABLE IX.  OCCURRENCE OF DEVELOPMENT STRATEGIES 

category 
number of 

units 
number of 

interviewees 
active exploration 56 19 

incidental exposure to the topic 8 6 

resources as a way of developing 
competences 

14 9 

development opportunities 33 16 

sum 111  

a) Active and Incidental Exploration to Develop PDC: In 
terms of competence development strategies, all interviewees 
reported engaging in active exploration, which was mentioned 
56 times in total. While all participants stated that they 
approached GenAI through trial and error, only eight 
educators mentioned that they also did research and actively 
sought out information from different sources. Additionally, 
six teachers stated over eight units of analysis that they found 
information incidentally through social media or exchanges 
with colleagues, students, family or friends. 

b) Resources as a Way of Developing Competences: All in 
all, fourteen educators reported using materials – whether they 
actively sought them out or found them by chance – for 
competence development, which was mentioned as a strategy 

4 Not all units on factors allowed us to clearly categorize the factors
as hindering or supporting and were therefore omitted here.

 

 



14 times. These resources included traditional media (n=7) 
such as books and handouts as well as digital media accessed 
through the internet (n=29). The digital artefacts used included 
blogs, videos, social media posts and specialized websites. 

 c) Taking Advantage of Development Opportunities: 
While development opportunities were mentioned frequently, 
only five interviewees reported having made use of them. 
Table X provides an overview of statements on interviewees’ 
participation in these development opportunities. 

TABLE X.  PARTICIPATION IN DEVELOPMENT OPPORTUNITIES 

subcategory 
number of 

units 
number of 

interviewees 
took advantage of a development 
opportunity 

10 5 

did not take advantage of a 
development opportunity 

13 10a 

sum 23  

a.  The other educators stated implicitly that they did not make use of any development opportunities  
(e.g. through mentioning that they were unaware of the availability of such offers or their attitudes)  

Nine out of the ten mentioned development opportunities 
that educators took part in were institutionally organized 
courses offered by a teacher college or university. One was an 
informally organized knowledge exchange. Fig. 4 provides an 
overview of all the strategies interviewees have utilized so far. 

Fig. 4. Number of teachers utilizing Competence Development Strateies. 

Out of the fifteen interviewees who did not utilize 
institutionally offered opportunities, five educators stated that 
they did not take part in courses on the topic due to various 
factors. Reasons included several of the hindering factors 
discussed before such as their workload, attitudes towards the 
topics and them considering their knowledge sufficient for the 
time being as well as the courses not meeting their needs. 
Furthermore, all educators who voiced their views about what 
they would want from development opportunities expressed 
their willingness to take part in courses or similar offers should 
they meet their expectations.  

E. Differences between Teachers of Technical and Non-
technical Subjects 

One of the most striking differences between the teachers 
of technical and non-technical subjects was their views on 
what their role as a teacher is and how much technical 
knowledge they should have. All teachers of general-
education subjects who made statements regarding their role 
(n=3) stated they saw themselves as users and therefore do not 
require in-depth technical knowledge. Teachers of technical 
subjects saw themselves in the role of technical experts (n=3). 

Yet, of the technical subject teachers, only nine percent 
saw need for training, while of those teaching general subjects, 
50 percent claimed to need support in their professional 
development. Another difference was that only technical 
teachers reported utilizing information from organizations 
such publishers of technical books or teachers’ workgroups. 

One of them also voiced interest in technical training offered 
by external companies, which he, however, would not attend 
because the costs were too high and were not covered by his 
employer. Furthermore, incidental exposure to GenAI topics 
occurred more frequently for educators with technical 
backgrounds than for those without (see Fig. 4). 

F. Comparison to General Digital Competence Development 

Overall, similar factors contributing to and strategies for 
AI competence were identified in this study as were by 
Masoumi & Noroozi [14] for digital competences. The 
availability of resources and support as well as the institutional 
culture of educators’ schools and the workload they have to 
manage were all found to be relevant in this context too. One 
major difference in terms of contributing factors is that 
leadership was not identified in this analysis at all. 
Furthermore, attitudes, emotions, motivational factors, 
knowledge and skills as well as expectations of the effects of 
GenAI usage were found to be relevant factors in this case. 

When it comes to development strategies, most ways of 
fostering digital competences, namely, active exploration, and 
making use of development opportunities – also for other 
professional competences – were also identified as relevant 
for AI competences. Mentoring, however, was found not to be 
utilized for AI literacy by the participants but incidental 
exposure and the utilization of materials was. 

V.  DISCUSSION 

A. Limitations 

As all participating educators are teaching in schools 
situated in the same country and mostly share cultural 
backgrounds, the study is limited in that context. However, the 
intriguing correspondence of our findings with the results 
from the systematic literature review reported in [14] lets us 
assume that the data collected in this project yields recent 
insights into trends and provides a starting point for further 
investigation of the topic. 

B. Findings and Implications 

a) Findings: Based on the analysis performed and 
concerning our first research question, we found that 
educators’ attitudes are mixed but overall positive with a 
strong notion that AI is an important topic that needs to be 
considered in teaching. Generally, educators identified a wide 
range of professional – mostly teaching-related – and private 
applications – such as idea generation and support for creative 
tasks, language learning and using the systems for 
entertainment – of GenAI as interesting or useful to them, 
however, they differed regarding the usefulness of these 
systems for their teaching. 

Regarding the second research question, we found that 
teachers’ AI competences are developed in a similar manner 
to their general digital competences, however, mentoring 
seems to not play a role in this area of competence 
development as of now. This may, however, well be due to the 
novel nature of these systems. Furthermore, incidental and 
experimental, explorative learning was found to be central in 
the AI literacy development of educators. The central role of 
self-regulated learning through trial and error may stem from 
the ease of use that current GenAI systems provide, which 
allows for playful engagement with the underlying 
technology. Still, development opportunities are utilized and 



wanted, if they meet the needs of the teachers in terms of 
practical and in-depth content. 

Similarly, and in response to the third research question, 
we found that individual educators’ attitudes, their previous 
knowledge and their notions of GenAI usefulness as well as 
the workload they have to deal with in their professional life 
are key factors that influence competence development in this 
area. The institutional culture of their schools and the 
availability of high-quality resources and support – pedagogic 
as well as technical and formal as well as informal – also 
strongly influence AI competence development in teachers. 
This is largely in line with the factors contributing to general 
digital competences of teachers being developed. However, 
governance and leadership has not been identified as factors 
impacting teachers’ AI competence development aside from 
emerging institutional practices being supported by leaders – 
yet in this study – which might again be related to the relative 
novelty of the field – while attitudes, emotional, motivational 
and knowledge related factors were not named as central 
contributing factors for developing general digital 
competences in [14].  

Concerning the difference in approaches to AI competence 
development between teachers with a technical background 
and those working in general education subjects and did not 
undergo any technical training as formulated in research 
question four, it was found that the need for institutional 
support is much higher in teachers without a technical 
background. Furthermore, technical-subject teachers utilize 
materials from different organizations, which we did not find 
to be the case with general-education teachers. This might be 
because those with a technical background are more familiar 
with those organizations than their general education 
colleagues. The latter also have a lower chance of incidental 
exposure to the topic of GenAI than their technical colleagues. 
Only one general-education teacher (12,5%) reported 
incidental exposure leading to competence development while 
five technical teachers (45,5%) stated they happened to find 
information or gain insights by chance. This may potentially 
be due to technical teachers’ social contacts and free time 
activities being more likely to yield such exposure. 

b) Implications: The findings of this study are mostly 
aligned with those of Masoumi & Noroozi [14] as similar 
contributing factors and strategies were found to be applicable 
to the contexts of general digital competence development and 
AI literacy development. Thus, the current study strongly 
corroborates the results of [14] and at the same time points to 
focal aspects particularly applying in teachers’ development 
of AI literacy such as availability of high-quality technical and 
pedagogical support and resources as well as active 
engagement with the new technology by teachers. Moreover, 
this study confirms the findings of Dobržinskienė [18] as 
experiences and active exploration were found to be central in 
this field as well. Intriguingly, self-regulated learning, 
supported by drawing upon resources and materials, proved 
key to competence development in the context of AI literacy. 
Nevertheless, quality institutional support is needed as well. 
Specifically, development opportunities with experience 
sharing, reflection discussions and in-depth knowledge 
delivered by experienced technical and teaching experts are in 
demand. Educators with strong technical backgrounds 
supporting general education teachers is a promising strategy 
here. Still, self-regulated learning has a crucial role because 
not all have access to high quality seminars and tools are 

accessible enough for self-organized experimentation by 
individuals. 

VI. CONCLUSION AND FURTHER WORK 

Based on the qualitative analysis of nineteen expert 
interviews, it was found that AI competences are largely 
developed in a similar manner to general digital competences 
and rely on similar factors, yet some differences in strategies 
and contributing factors exist. AI competence development 
has not been shown to rely on leadership or mentoring but 
rather on individual attitudes and notions of AI impact and 
requires – sometimes incidentally inspired and collaborative – 
active, self-regulated research, exploration and 
experimentation supported by high-quality resources and aid 
from – both technical as well as pedagogic – experts. 
Therefore, institutional support structures for professional 
development and initial teacher training in the field of AI-
related digital competences needs to be developed and 
maintained in order to equip educators with the competences 
needed for their profession.  

A larger-scale investigation of AI competence 
development in teachers with a broader and more diverse 
group of participants could yield more detailed information on 
the contributing factors and strategies discussed here and 
could therefore help inform the development of suitable 
support measures. Furthermore, utilizing design-based 
research to develop and evaluate concrete concepts for such 
institutional support – both in terms of development 
opportunities and materials and resources – could be a starting 
point for the implementation of high-quality support systems 
geared to the needs of practitioners in the field and produce 
good-practice examples. Last but not least, the omnipresent 
factors of exploration and self-regulated learning need to be 
nurtured and reflected allowing them to significantly 
complement other educational strategies. 
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APPENDIX 

TABLE XI.  GENAI TOOLS AND USES REPORTED BY INTERVIEWEES 

ID 
used GenAI-tools 

reported 
private 

use 

prof-
essional 

use 

allow 
students' 

usea 

encourage 
students' 

usea 

train 
own 

modelsb 
VT1 ChatGPT yes yes yes yesc yes 

VT2 
ChatGPT, GitHub-Copilot, 
image generators 

yes yes yes yes yes 

VT3 ChatGPT, GitHub-Copilot yes yes yes not yet - 

VT4 
ChatGPT, GitHub-Copilot, 
MS Copilot, Mistral, Mixtral, 
Midjourney, DALL-E, … 

yes yes yes yes yes 

VT5 
ChatGPT, GitHub-Copilot, 
Mid-journey, DALL-E, 
Firefly, Generative Fill 

yes yes yes yes - 

VT6 ChatGPT, image recognition yes yes partiallyd not yet - 

VT7 
ChatGPT, GitHub-Copilot, 
MS Copilot, Search Engines, 
IDE Plug-Ins 

yes yes yes yes - 

VT8 
ChatGPT, GitHub-Copilot, 
IDE plug-ins, Auto-Correct, 
MS Copilot, image generators 

yes yes yes yes - 

VG1 ChatGPT not yet yes partiallye - - 

VG2 
ChatGPT, Translators, Bing-
AI, search engines 

yes yes 
not 

explicitly 
not yet - 

VG3 ChatGPT yes yes yes yes - 
VG4 ChatGPT, image generators no yes partiallyf yes - 
VG5 ChatGPT, image generators yes yes yes yes - 
VG6 ChatGPT nog yes no - - 
VG7 ChatGPT nog nog yes yes - 
VG8 ChatGPT yes yes yes not yet - 
GT1 ChatGPT, Midjourney yes yes yes yes - 

GT2 
ChatGPT, Auto-Correct, 
image generators 

yes yes yes yes - 

GT3 
ChatGPT, text generators, 
MS Copilot 

no no yes yesc - 

a.… for specific in-class tasks. Usually with some contextualization to lead them to a reflected use. 
b.This was not specifically querried in the interviews. Only what participants reported unpromted. 

c.… but stress that they leave choice up to learners due to data security or legal concerns. 
d. … depending on school level of students and learning goals. 

e.… in tasks where digital devices are allowed, which is usually not the case in their lessons. 
f.… depending on the subject of the lesson. 

g.… but tried it out once or a few times and then stopped using it. 

 

 
 


