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Preface 

 
 
 
In an age of rapid technological developments 
and social upheaval, we are faced with the chal-
lenge of identifying the skills of the future - so-
called Future Skills - and understanding how 
these can be integrated into education and 
work. These are important to help people ac-
tively shape tomorrow’s society, to develop 
technologies further, and above all to use them 
to strengthen our democracies, to take steps 
against climate change, and to work towards 
peace. Against this backdrop, it is a special 
honor for me to write the foreword for this 
study, which significantly contributes to the ex-
ploration of Future Skills for a living and work-
ing world increasingly shaped by artificial intel-
ligence (AI). 
This study was conducted by the dedicated re-
search collective NextEducation, which is com-
mitted to researching and developing innova-
tive educational models. By conducting this 
study, we have reached another milestone: the 
first completely empirical, quantitative con-
struction of a Future Skills model. This model is 
proof of the research collective’s scientific aspi-
rations and the intention to shape future edu-
cation actively. 
 
I thank all my colleagues who have made this 
study possible with their expertise, commit-
ment, and passion. Their tireless efforts and vi-
sion have significantly contributed to the fact 
that we can now proudly reflect on such a pio-
neering project.  
 
I especially want to thank my two co-authors 
Emily Rauch and Martin Lindner. The study was 
conducted as part of the KI-Campus project, 
funded by the Federal Ministry of Education 
and Research (BMBF) and the Dieter Schwarz 
Foundation. Our thanks also extend to the 

many project partners of this project, whose 
support and cooperation were essential for the 
success of this study (www.ki-campus.org). 
Special thanks are also due to the Baden- Würt-
temberg Cooperative State University (DHBW), 
its university management, the staff council, 
and the colleagues and employees who sup-
ported and contributed to this project. We 
would also like to thank the many partners of 
the DHBW, whose commitment and expertise 
made a decisive contribution to the success of 
this study. We would also like to thank the 
Karlsruhe and Heilbronn Chambers of Industry 
and Commerce, the Südwestmetall Associa-
tion, and the many other organizations that 
supported the study in various ways. 
 
With this study, we are laying the foundations 
for a deeper understanding of the subject of re-
search, and Future Skills, and offering concrete 
approaches for their integration into the world 
of education and work. Our common goal is to 
set the course for sustainable education and 
thus make a valuable contribution to society. 
 
Finally, I would also like to thank all the stu-
dents involved, whose active participation and 
commitment made this study possible in the 
first place. Their contribution was an important 
building block for the success of our joint pro-
ject. 
 
We have taken an important step toward the 
future together with this study. I am convinced 
that the results of this research work will not 
only provide valuable insights but will also serve 
as a guide for the development of future-ori-
ented education and labor market strategies 
 
Many thanks to everyone involved for their 
contribution to this pioneering project. 
 
Ulf-Daniel Ehlers Karlsruhe in March 2024 

  Due to the amount of data obtained, the specific 
AIComp competence model will be published in a 
second part of the report. See www.ai-comp.org 
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Executive Summary (E) 

The AIComp study was designed to develop an 
in-depth understanding of the Future Skills es-
sential for shaping a living and working environ-
ment influenced by artificial intelligence (AI). It 
will be even more heavily determined in the fu-
ture. The statistical analyses of the major AI 
study are published in this first research report. 
A second research report refers to the detailed 
derivation and construction of the AIComp 
competence model and is available here: 
www.ai-comp.org. 
As part of the study, more than 1,600 working 
adults in Germany were surveyed, focusing on 
the Baden-Wuerttemberg region. The influ-
ence of AI on the living and working environ-
ments of the respondents was described by 
them as significant and complex. To do justice 
to this diversity, a perspective was chosen in the 
study that looks at the required skills from the 
point of view of the individuals themselves. This 
subject-scientific perspective forms the basis 
for developing the comprehensive model of Fu-
ture Skills. 
The study presents the basic requirements for 
assessing these skills and examines the usage 
behavior of respondents in the context of AI. It 
offers a comprehensive insight into opinions on 
AI and sheds light on the range of skills required 
in the future and those already available, as well 
as the gap between them. For the study, the Fu-
ture Skills approach has been extensively theo-
retically validated. Competence is understood 
as a disposition and ability to act and is an-
chored in the theory of action competence the-
ory. The concept of action is rooted in Bour-
dieu's habitus concept, which describes the 
habitus as a "generative principle of social 
forms of practice" and, like competence theory, 
introduces the concept of disposition (Bourdieu 
1997). Borrowings from Bourdieu's capital the-
ory also make it possible to place competence 
development in a larger context of education as 
incorporated cultural capital and social prac-
tice, e.g. in organizations. The subject perspec-
tive is also linked to theoretical works on mod-
ern self-socialization theory and the concept of 
"agency". 

An additional aim of the study is to gain insights 
to formulate strategic guidelines for educa-
tional programs to promote AI skills. 
Method: The study follows a mixed-methods 
approach. Based on an analysis of the current 
state of research, an initial qualitative model for 
Future Skills was developed and validated 
through qualitative interviews. The subsequent 
large standardized quantitative online survey 
led to 1644 evaluable questionnaires in a two-
month field phase in June and July 2023. 

 
 
Participants: 1644 people participated in the 
study, divided into 1397 AI users and 247 AI non-
users.  
 

 
 
Age structure: In the AIComp study, a broad 
age structure of the participants was recorded 
to gain a comprehensive picture of the skills 
and attitudes towards artificial intelligence (AI) 
across different generations. The survey in-
cluded more than 1600 working adults in Ger-
many, focusing on the Baden-Wuerttemberg 
region. The participants ranged in age from 
young adults in their early careers to experi-
enced professionals approaching retirement. 
 



 

 
 

5 

This diversity in the age structure made it pos-
sible to gain deeper insights into the different 
perspectives on and experiences with AI in the 
world of work and to identify potential genera-
tion-specific differences in the perception and 
adaptation of technology skills. The exact dis-
tribution of age groups within the study was 
chosen to represent the working population in 
the region studied, which means that the study 
results offer relevant implications for education 
and labor market strategies. 
 

 
 
AI activity index: The analysis of the study data 
enabled the development of an AI activity index 
(AIX), which combines the intensity of use and 
the type of use of artificial intelligence in a con-
solidated measure. This index was successfully 
applied to all participants in the study. The AIX 
proved to be a significant predictor of the re-
spondents' assessments of competence and 
showed a significantly higher explanatory 
power for these assessments than traditional 
demographic variables such as age and gender. 
 

 
 
Attitudes towards AI: The AIComp study com-
prehensively examined attitudes towards artifi-
cial intelligence (AI). The results reveal a multi-
layered picture of the perception of AI among 
the respondents. While some participants have 
an optimistic view of the potential of AI to im-
prove work processes and quality of life, others 

express concerns about data protection, job se-
curity, and ethical implications. The study also 
shows that acceptance of and trust in AI 
strongly depends on the extent to which indi-
viduals feel empowered to deal with AI technol-
ogies through education and professional expe-
rience. These findings underline the need for 
companies and organizations to invest in their 
employees’ AI skills development and establish 
transparent, ethically sound guidelines for us-
ing AI to promote trust and positive attitudes. 
 

 
 
AI gender bias: The data shows a gender bias 
that parallels the dimensions known in re-
search. High and medium levels of the AI activ-
ity index are more likely found in men (60%) 
than in women (49%). 
 

 
 
AI age bias: AI usage tends to decrease with in-
creasing age. While more than nine out of ten 
respondents in the 18-29 age group say they are 
AI users, the figure for the 60+ age group is only 
78%. 
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AI activity among different target groups: 
High levels of AI use are primarily found in the 
professional sector. The professional environ-
ment is thus the primary driver of AI use. 
Around one in two has only passive or no usage 
experience. 

 
AI experience by activity index: The AI activity 
index (AIX) is a precise indicator of the accumu-
lation of experience in essential areas of com-
petence that are important for interacting with 
and using artificial intelligence (AI). The analy-
sis reveals that the AIX plays a prominent role 
as a predictor variable for the self-perception of 
AI It has a significantly greater explanatory 
power than conventional demographic charac-
teristics such as age and gender. In particular, 

individuals with a high AI activity index are 
characterized by a pronounced degree of confi-
dence and acceptance  
concerning their abilities and sovereignty in 
dealing with AI-related Future Skills. This sug-
gests that the AIX is an effective measure of 
people's willingness and ability to successfully 
face the challenges and opportunities that AI 
brings. The AIComp study comprehensively as-
sessed current experience with specific skills 
and their perceived importance for the future. 
The results reveal a striking discrepancy: while 
the interviewees unanimously rated the skills 
under consideration as highly relevant for fu-
ture requirements, the data also shows that 
there is significantly less experience with these 
skills. This skills-experience gap underlines a 
significant gap between current preparation 
and the requirements expected due to future 
developments, particularly in artificial intelli-
gence. The findings thus signal the urgent need 
to expand and adapt education and further 
training courses in a targeted manner to bridge 
this discrepancy and optimally prepare individ-
uals and organizations for the challenges and 
opportunities of the future  
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1. Introduction: 

Objectives and 

context of the 

study 

The title of the AIComp study stands for "Artifi-
cial Intelligence Competences". The results in-
dicate Future Skills important for a living and 
working world shaped by artificial intelligence. 
This first research report presents the statis-
tical data and results of the AIComp study. 
The second research report describes the spe-
cific AIComp competence model. The increas-
ing integration of artificial intelligence (AI) into 
technologies, forms of organization, and pro-
cesses - both in private and professional life - 
marks an upheaval in the landscape of skills re-
quirements. Society is on the threshold of an 
era in which artificial intelligence (AI) will no 
longer just be a tool for specialists, but an inte-
gral part of everyday life and work (cf. Butler et 
al. 2023). Against this backdrop, the AIComp 
study focuses on a central question: What Fu-
ture Skills are needed to enable people to act 
effectively in a world increasingly permeated 
by artificial intelligence and to shape it? In 
particular, the study sheds light on skills that go 
beyond purely instrumental application skills. 
Given the rapid pace of technological change, 
job profiles are constantly changing, degree 
courses and training profiles are reorientated, 
and AI is increasingly finding its way into the 
private sphere - often without this being explic-
itly recognized. At a time when technological 
innovations are spreading rapidly and bringing 
social changes that are changing the dimen-
sions of social participation and social inequal-
ity, uncertainties also arise. Education plays a 
decisive role in coping with the necessary tech-
nical and social integration process and in ena-
bling people to deal with the realities that lie 
ahead of them in an emancipatory and creative 
way. It is crucial to determine the educational 

goals necessary for this. AIComp provides a 
building block and orientation for this by re-
searching the basis for the definition of Future 
Skills in the context of AI. 
The concept of Future Skills aims to promote 
the ability to shape both the present, which is 
already strongly influenced by AI, and a future 
likely to be even more strongly influenced by AI. 
This applies to both private and professional 
life. In our interviews and discussions with citi-
zens, research initiatives, experts, and repre-
sentatives of political departments, one theme 
was recurring: The importance of critical ques-
tioning and human cooperation in times when 
machines are developing more and more intel-
ligence. In this sense, the AIComp research pro-
ject is also a journey into the diverse world of 
technology acceptance and the different spec-
trums of opinion associated with it. 
The need to deal with AI-related skills arises 
from a professional perspective and the every-
day use of technologies such as voice-con-
trolled assistants, translation software, and in-
telligent applications. The introduction of gen-
erative AI language models, starting with 
ChatGPT, has transformed the landscape of 
knowledge work and expanded the relevance 
of AI skills beyond the circle of specialists. Due 
to the transformative power of artificial intelli-
gence in all areas of professional and private 
life, AI-related Future Skills are increasingly be-
coming the focus of educational processes in all 
education sectors. They go far beyond purely 
technical-instrumental competence require-
ments. Future skills are to be understood holis-
tically in relation to the individual and also in-
clude, in particular, requirements for critical-re-
flective and creative design skills. 
The AIComp model, based on the results of the 
AIComp study, considers skills in this holistic 
sense. It is about enabling people to move inde-
pendently and confidently in an environment 
characterized by AI. This also includes under-
standing the functions of AI-related systems 
and being able to use them accordingly. The 
model emphasizes the importance of critical 
digital literacy, which goes far beyond the mere 
understanding of algorithms and machine 
learning. It is the basis for acting appropriately 
and competently in specific situations. 
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The study aims to fully understand the current 
state of AI experience and the resulting skills 
people need. This is an essential step on the 
way to a society in which both individuals and 
organizations are enabled to master future 
challenges through the understanding and ap-
plication of AI. To reach this societal goal, we 
need empirically based competence models 
that can serve as orientations for educational 
processes. By identifying AI-related Future 
Skills and integrating them into a comprehen-
sive competence structure model, the AIComp 
study provides a framework for developing 
strategies to promote these essential compe-
tences. 
 
Context of the study 
The AIComp study initiated as part of the AI-
Campus project (www.ai-campus.org) pursues 
the ambitious goal of providing a comprehen-
sive empirical basis for the definition and de-
sign of the development of key Future Skills to 
enable the AI-Campus initiative to further de-
velop educational offers in the field of artificial 
intelligence and thus establish a functional AI 
competence in society. The project offers a val-
uable platform to significantly advance empiri-
cal research in the field of Future Skills. The 
study is part of a continuous. This is a compre-
hensive series of domain-specific studies on Fu-
ture Skills that have been conducted in recent 
years as part of the NextEducation research col-
lective (for more information, see www.next-
education.org). It integrates existing research 
results on technology development and ac-
ceptance, theoretical frameworks for skills de-
velopment, and methods of Future Skills re-
search (Ehlers 2022 lists an initial classification 
of Future Skills methods). The study was con-
ducted by the NextEducation team at DHBW 
Karlsruhe (www.next-education.org) as an in-
tegral part of the joint research project "AI-
Campus" (www.ai-campus.org) research pro-
ject. The NextEducation research collective, 
which acts as a think tank, is involved in the de-
velopment of international research and inno-
vation projects in the education sector and is 
particularly dedicated to the investigation of 
transformation processes within educational 
organizations and processes. The "NextSkills 
2020" skills concept, which presents 17 Future 
Skills profiles for the future direction of higher 

education, recently received international 
recognition (details at: www.nextskills.org). As 
part of the AI-Campus project, the AIComp 
study, which combines qualitative expert inter-
views with the largest quantitative study in Ger-
many to date, is making a decisive contribution: 
it is researching the general need and specific 
requirement profiles for AI skills in the work-
place with a particular focus on SMEs and uni-
versities in Baden-Wuerttemberg. 
 
Aims and questions of the study 
In a world characterized by artificial intelligence 
(AI), the AIComp study aims to investigate the 
skills requirements of people who work and live 
in this world. Against the background of the 
rapid developments in the field of AI and its in-
creasing integration into all areas of life and 
work, the study makes a substantial contribu-
tion to the development of a deeper under-
standing of the necessary competences that 
enable individuals to move confidently and self-
determinedly in a society transformed by AI. 
Specifically, the AIComp study pursues the fol-
lowing goals: 

1. Identification of AI-related Future 
Skills: The study aims to identify key AI-related 
skills that go beyond technical expertise. The 
aim is to capture a broad spectrum of skills that 
people need to be able to actively shape and act 
responsibly in a world shaped by AI 

2. Development of an empirically based 
competence model: A central aim of the study 
is to develop a holistic competence model 
based on the knowledge gained. This model is 
intended to help shape and support educational 
processes in a targeted manner to prepare indi-
viduals and organizations for the challenges of 
the future. 

3. Establishment of an AI activity index 
as an indicator of the status of AI transfor-
mation: The index is an instrument that allows 
a differentiated picture of AI activity to be ob-
tained of all respondents, but also of target 
groups that differ in their social statistical data: 
for example, by organizational affiliation, by 
professional position and by areas of activity in 
the workplace. 

4. Determining AI experiences and self-
assessments concerning AI: This is about the 
concrete experiences that respondents have 

http://(www.ai-campus.org)/
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had with important AI-related skills and their 
assessment of the relevance of these skills for 
the future.  

5. Promoting AI skills in society: By re-
cording the current state of AI experience and 
the resulting need for skills, the study creates a 
basis for developing targeted strategies to pro-
mote AI skills. Both individuals and organiza-
tions can thus be strengthened through a well-
founded understanding of AI and the compe-
tent handling of AI. 

6. Creating broad access to AI educa-
tion: As part of the AI Campus project, AIComp 
is helping to create broad access to AI-related 
education. By providing resources and learning 
opportunities, the aim is to enable students, 
teachers, specialists, and managers as well as 
all interested citizens to acquire and deepen the 
necessary AI skills 

7. Supporting the transformation of ed-
ucational organizations: Another goal is to sup-
port educational organizations of all kinds in 
their transformation processes to meet the re-
quirements of a world shaped by AI. The results 
of the study should help to design educational 
programs in such a way that they optimally pro-
mote the development of the identified Future 
Skills. 
 
The AIComp study thus not only makes a scien-
tific contribution to research into AI skills but is 
also intended to serve as a practical guide for 
the design of educational programs that pre-
pare people for a future that will be increasingly 
shaped by artificial intelligence. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
  

Artificial intelligence infobox 
Artificial intelligence (AI) (in the context of this 
study) refers to special computer programs that 
can learn new things independently and make 
decisions autonomously in complex situations. 
They are often capable of performances that come 
close to human intelligence. In many places, 
computers are already working with such AI com-
ponents in the background without laypeople 
noticing. In the AIComp study, we ask about the 
experiences and assessments of AI applications 
that respondents perceive and recognize as "ar-
tificial intelligence". Examples include 
ChatGPT or similar applications, the transla-
tion program DeepL, image- generating AI 
tools, but also smart home devices, recommen-
dation systems on the internet and, of course, AI 
applications in the workplace or in companies. 



 

 
 

16 

 
 
  



 

 
 

17 

2. The concept of 

Future Skills in 

the context of 

artificial intelli-

gence 

2.1 Subject and action theoretical 

foundations of the competence 

research approach of the study 

Subject- and action- theoretical foundations of 
the competence research approach of the 
study 
Educational research is attaching increasing 
importance to the development of skills. This is 
an expression of the dynamic processes of 
change to which societies are subject and in 
which a holistic, future-oriented ability to act is 
increasingly preferred to the mere accumula-
tion of existing knowledge. The individual is 
confronted with complex action constellations 
that need to be shaped productively if risks - 
such as participation risks (Beck 1986) - are to 
be avoided. The ability to act in a world charac-
terized by emergent challenges is becoming in-
creasingly important in the field of education. 
All education sectors are currently under enor-
mous pressure to reform. Action is becoming 
the central category of endeavors and is gain-
ing conceptual importance over knowledge or 
reproducible skills. Competence, defined as a 
disposition to act, is becoming a central ele-
ment in education systems that must take ac-
count of the rapid changes in the labor market, 
politics, and society. Educational efforts are 
therefore increasingly required to focus on the 
promotion of action competence, whereby 
knowledge and skills play just as important a 
role as values, motives, and habitual compo-
nents of personality. Skills development is 
therefore a holistic process that goes beyond 
cognitive resources to include values and prac-
tical experience. A person, in increasingly epi-
sodic and non-standardizable life experiences, 

becomes the central category. For this reason, 
action theory and subject-scientific research 
approaches are of great importance for compe-
tence research - as they were also taken as a ba-
sis in this study. Our research on competences 
is therefore based on various theoretical ap-
proaches that are based on a holistic under-
standing of the ability to act. Within the re-
search demarcated in this way, subject-theo-
retical references (such as approaches based on 
self-socialization theory) and action-theoreti-
cal foundations (such as the habitus approach 
or that of Bourdieu's capital varieties) have 
played an increasingly important role in recent 
years. They focus on the learning subject as an 
active, productive, selecting, and shaping indi-
vidual and ask about the conditions for success-
ful action (Zinnecker 2000). 
▪ Pierre Bourdieu's theory is a fundamental 

point of reference for understanding the sig-
nificance and anchoring of competences in 
social theory. The habitus concept plays a 
central role here, as it makes it possible not 
only to theoretically understand the pro-
found structure of competences but also to 
make it empirically tangible. The habitus, a 
core concept in Bourdieu's theory, embod-
ies the internalized patterns and structures 
that shape our perceptions, thoughts, and 
actions. To fully grasp the habitus, however, 
it is necessary to consider it in connection 
with other key concepts such as the "practi-
cal sense", the "illusion" and the "field", even 
if a detailed discussion of these concepts 
goes beyond the scope of this review. In 
2021, Timo Bloh took an in-depth look at the 
connections between competence, habitus, 
and the concept of education. He sheds light 
on the complex relationships and demon-
strates how these concepts intertwine. 
Pierre Bourdieu himself developed a pro-
found understanding of practical compe-
tence with his praxeological model, which 
Bloh in detail in 2014 and 2015. 
 

▪ The bridge between Bourdieu's work and 
the concept of competence is being built 
more and more frequently, partly by Bour-
dieu himself in reference to Chomsky (Bour-
dieu & Wacquant 2013), but also by other au-
thors. Michaela Pfadenhauer, for example, 
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sees a "certain proximity" between the psy-
chological concept of competence and 
Bourdieu's concept of capital (Pfadenhauer 
2010). Furthermore, the idea that habitus is 
not only a condition for professionalization 
but also plays a central role in the context of 
the developmental tasks that lead to profes-
sionalization, is established in the scientific 
discussion (Hericks 2004; 2006). Some re-
searchers, such as Martens and Asbrand, 
even go so far as to consider the habitus as a 
competence itself (Martens & Asbrand 
2009; Martens 2010). Despite these diverse 
links and approaches, a systematic concept 
of competence that builds directly on the 
concept of habitus and can also be placed in 
relation to current competence models is 
still lacking. Bourdieu's concept of habitus 
therefore offers important starting points 
for a deeper understanding of competence. 
It acts as a structuring and generative princi-
ple that decisively influences our patterns of 
thought, perception, and action and comes 
very close to what is commonly understood 
by competence. 
 

▪ Following Bourdieu's theory, one could ar-
gue that the skills acquired in dealing with AI 
represent a form of cultural capital that is ac-
cumulated and used in a technologically 
shaped social space. Bourdieu's forms of 
capital - economic, cultural, social, and sym-
bolic capital - can thus be applied to the area 
of AI skills. Economic capital can, for exam-
ple, flow into the acquisition of further train-
ing measures or technological tools, cultural 

 
 
 

1 Jürgen Zinnecker has summarized the connection 
between self-socialization and agency as follows 
(Zinnecker 2000:281.), whereby he relies primarily 
on the presentation by Krewer & Eckensberg (1991) 
in the “New Handbook of Socialization Research”: 
“A remarkable and substantial concept of self in this 
context is that of ‘self-development’ (Krewer & Eck-
ensberger 1991). It describes the genesis of a central 
'center of agency' in the subject. The authors Krew-
ert and Eckensberger combine ideas from cognitive 
psychology and action theory. At the center of self-
development understood in this way is first and fore-
most the acquisition of the idea of oneself as an ac-
tor, i.e. as an acting subject who is responsible for 
the consequences of one's actions. ... The keywords 

capital comprises knowledge and skills in 
dealing with AI, social capital can manifest 
itself in networks that arise through the 
shared use or development of AI technolo-
gies, and symbolic capital can arise from the 
recognition and prestige that individuals re-
ceive through their AI expertise. 
 

The agency theory of Erpenbeck and Heyse 
(Erpenbeck 2012, Erpenbeck & Sauter 2015, 
Heyse & Erpenbeck 2007) emphasizes the im-
portance of self-organized and value-oriented 
action in complex situations, which can also be 
transferred to the field of AI. People with a high 
level of competence are then able to develop 
actions to be and remain able to act success-
fully. 

Finally, references to theories of self-sociali-
zation (Zinnecker 2000) serve to clarify the 
self-organization and "agency" with which 
individuals independently develop their AI 
skills by actively shaping their development 
through their interactions with technology 
and within their social networks and thus 
acting as producers of their social reality. 
This perspective emphasizes the active role 
of the subject in the learning process and 
their ability to acquire and apply knowledge 
and skills independently.1 

2.2 Competence-theoretical basis 

for AIComp 

core self, self-concept, self-esteem and control con-
sciousness refer to concepts that are at the center of 
current socialization research, insofar as it is inspired 
by (developmental) psychology.” At this point, 
Zinnecker himself refers to corresponding concepts 
in Dollase, von Skinner, Chapman & Baltes, Flam-
mer, Bandura and Oerter (for references see 
Zonnecker 2000). He also quotes Krewer & Eck-
ensberger (1991): The “processing of action experi-
ences” by “a reflective subject as experiencing, plan-
ning and acting entity (agency)” leads “to a self-ob-
jectification characterized by a cognitive (self-con-
cept), an affective (self-esteem) and a conative (self-
confidence, control consciousness) aspect.” 
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Future skills research is competence research. It 
was McClelland who was the first to call for a fo-
cus on skills rather than knowledge in the as-
sessment of learning processes (McClelland 
1973). Since then, the concept of "compe-
tences" has made an enormous career in both 
institutionalized and non-institutionalized edu-
cation. 
Since the 1990s at the latest, it has been possi-
ble to speak of an emerging skills turnaround in 
education and training (Davies 2017, Vare 
2022). While the focus was initially on teaching 
so-called "key competences", subject-specific 
competence frameworks have increasingly 
been developed since the 2000s (Faulstich-
Christ et al. 2010, Spencer & Spencer 1993, 
Forth 2018). Since the 2010s, many 
The new quality of the competence framework 
is now being implemented by making greater 
reference to so-called "interdisciplinary compe-
tences" in the subject curricula. The importance 
of action-guiding media skills and digital skills is 
increasing (Ehlers 2020). 
A new development has been observed since 
around 2015: Subject curricula are now being 
supplemented by frameworks for "Future 
Skills", which focus on skills for a constantly 
changing world (Ehlers 2020, 2022). 
The core of the term "Future Skills" is defined in 
different ways. For our research, we use the 
definition by Ehlers (2020). He defines Future 
Skills as competences that enable individuals to 
act successfully in highly dynamic future and 
complex problem situations (Ehlers 2020). The 
new focus of these Future Skills can be applied 
both to university graduates (Ehlers 2020; Hu-
ber, 2016: 106 and 2019: 157; Schlaeger & 
Tenorth 2020; Wild et al., 2018: 274) and to vo-
cational education and training (Ehlers 2022). 
This also applies both to German-speaking 
countries and internationally (Ehlers 2022). It is 
therefore not enough to simply equate compe-
tences with the ability to act, as is often the 
case. Rather, it is always "a complex structure 
of dispositions", which, in addition to the skills 
based on the respective level of knowledge and 
understanding, also includes the subjective 
willingness to act - which is "dependent on 
knowledge, motivation, desire, attitudes, and 
values" (Ehlers 2020: 112). Whether someone 
"has" competence is only revealed in their per-
formance, 

i.e. in the realized, successful action (see Figure 
1). 
Competence as a triad of knowledge, skills, and 
attitudes (see Binkley 2012) are the building 
blocks on which people's ability and willingness 
to act are based. Competences are dispositions 
for action (see Fig. 1). Future skills or future 
competences are those competences that are 
geared towards specific fields or contexts of ac-
tion and enable individuals to act in a self-orga-
nized and successful manner in a highly dy-
namic environment. They are based on a foun-
dation of cognitive, motivational, volitional, 
and social resources and are firmly anchored in 
the learner's value system. In this respect, they 
represent competences that have been identi-
fied by empirical methods as particularly rele-
vant for future action. 
The AIComp study is therefore based on the fol-
lowing definition: "Future skills are compe-
tences that enable individuals to solve complex 
problems in a self-organized manner and to act 
successfully in highly dynamic contexts. They 
are based on cognitive, motivational, volitional 
and social resources, are value-based and can 
be acquired in a learning process." (Ehlers 
2020:57) This has concrete consequences for 
AI-related competences. For example, "the 
competence to 'use AI creatively for the further 
development of one's professional context' is 
not simply a retrievable skill", but "rather the 
ability to be able and willing to use AI concepts 
appropriately in the right situation. Appropri-
ateness is a value-based balancing process." 
(Ehlers 2023:73) 
 

 
Figure 1 Future skills as competences for action 

 
In this perspective, an individual "competence" 
therefore does not appear as a mere combina-
tion of knowledge elements and individual skills 
and abilities that can in principle be separated 
from the respective competence bearer, but as 
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a holistic disposition to act that is rooted in the 
respective subject. This means that in the for-
mula "Knowledge, Skills, Attitudes" (KSA), 
which has become widely accepted (Mulder & 
Winterton 2017, Binkley 2012), attitudes are 
not only understood as an individual subjective 
coloring that must be considered didactically 
but as the basis of every competence develop-
ment.  
Erpenbeck & Sauter (2015) therefore describe 
the acquisition of skills as the "integration of 
rules, values and norms into one's own emo-
tions and motivations", while "at the same time 
the necessary factual knowledge is acquired" 
and point out that this requires situational 
teaching/learning settings. Hartmann & Wat-
ling (2022) also emphasize, with specific refer-
ence to AI change management in companies, 
that it is the subjectively experienced values 
that form the basis for attitudes and attitudes 
alongside social norms, and that these are deci-
sive for individual and organizational learning, 
especially in AI-driven change processes. 
 

The NextSkills studies and AICOMP 
The NextSkills research project (nextskills.org) 
has been running since 2016 at the Cooperative 
State University, the largest university in Ba-
den- Württemberg. It was launched by Prof. Dr. 
Ulf-Daniel Ehlers and aims to identify models 
and descriptions for Future Skills using a multi-
method research design and international con-
sultations. A model with 17 Future Skills profiles 
was developed. The concepts presented as part 
of NextSkills are backed up by in-depth inter-
views, expert assessments, and international 
Delphi studies. 
About NextSkills: www.nextskills.org 
With AICOMP, the Future Skills model is now 
being further developed in AI-specific ques-
tions to identify skills for a world shaped by AI. 
AIComp is being developed as part of the AI-
Cam- pus.org initiative, which is developing a 
national platform with learning content for AI. 
All research results will be made available for 
open access by the NextEducation Group. More 
information here: www.next-education.org. 
About AIComp: www.ai-comp.eu 

2.3 On the construction of AI-

Comp as a competence structure 

model 

The development of competences is an origi-
nally subjective process. This is why the term 
"competence model" is presuppositional and in 
need of explanation. However, competence 
models play an important role in the recording, 
systematization, and development of compe-
tences for institutional educational concepts, 
e.g. in university departments. Competence 
models are generally heuristic models. They 
describe a complex field for a specific purpose 
in a comprehensible way. They provide a struc-
tured framework for describing and organizing 
the variety of skills, abilities, and knowledge re-
quired in a specific context. By differentiating 
between competences, describing competence 
characteristics, and tracing competence devel-
opment processes, competence models also 
enable a holistic assessment and evaluation of 
individual and collective abilities (Fleischer et 
al. 2013). 

▪ Structural models for differentiating 
content: A competence structure model is a 
model that is theoretically based on a reflex-
ive (action) competence concept and, start-
ing from this, systematically distinguishes at 
least three levels: overarching competence 
areas, several individual competence fields 
and finally, assigned to each of these, a se-
ries of individual competences or compe-
tence elements (knowledge, skills or values). 
Competence structure models focus on the 
identification, differentiation, and categori-
zation of specific competence dimensions 
within a field of practice. They ask about the 
type and number of different competences 
that are relevant in a particular field. Such 
models are fundamental to understanding 
which facets of personal resources such as 
knowledge, skills, and abilities are necessary 
to cope with diverse situational require-
ments (Schaper 2009: 174, Klieme & Leutner 
2006: 883). AIComp also sees itself as such a 
competence structure model: As a result, 12 
relevant competence fields were summa-
rized into three large competence areas. 
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▪ Level models for the description of 
competence characteristics: Level models 
describe different characteristics or levels 
that a competence can assume. These mod-
els aim to segment the competence scale 
according to the degree of difficulty of a task 
or challenge and thus provide a detailed in-
sight into the different competence levels. 
They make it possible to define concrete sit-
uational requirements that can be mastered 
by people at different competence levels. 
(Fröhlich-Gildhoff et al. 2011: 16). As part of 
the development of AIComp, the aim is also 
to develop a niveau model. 
 
 

The choice of a suitable competence model is 
closely related to the specific objectives of the 
research project or educational program. While 
structural models serve to differentiate and 
structure areas of competence in terms of con-
tent, level models offer insights into the differ-
ent manifestations of competences. 
Competence models therefore describe and 
name ("model") the components of the ability 
to act. The first competence model of this kind 
was developed by Boyatzis (1982) for manage-
ment competences, explicitly drawing on 
McClelland's influential statement "Testing for 
competence rather than for 'intelligence'" 
(McClelland 1973). It was about management 
competences in 
companies, 
i.e. interdisciplinary competences with a strong 
subjective reference that cannot simply be rep-
resented as the sum of professional compe-
tences (Boyatzis 1982). The Hay Group, a large 
management consultancy for personnel devel-
opment, subsequently used this modeling con-
cept successfully with many clients. As a result, 
the 1990s saw a veritable boom in competence 
models and competence frameworks, which 
were specifically designed for the human re-
source management of large organizations and 
companies (Spencer & Spencer 1993, Lucia & 
Lepsinger 1999, cf. the summarized overview in 
Stricker et al. 2020). 
With the Bologna Process at the latest, new re-
quirements were also placed on universities: 
The "Competence Turn away from what is 
taught, with a focus on curriculum content, to 
what is learned" (Vare 2022) led to in Europe in 

particular, this has led to a continuing conjunc-
ture of the concept of competence in vocational 
training, higher education and general educa-
tion (lifelong learning). The theoretical founda-
tion for this comes primarily from educational 
psychology, vocational education, and higher 
education pedagogy (cf. Weinert 2001, Winter-
ton et al. 2005, Klieme et al. 2006, Mulder et al. 
2006). The activities and programs of the EU 
have an important pacemaker function. They 
have led to the DigComp competence frame-
work, which has also included 73 AI compe-
tence items since version 2 (from 2022) 
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3. Research 

methodological 

design  

AIComp follows a mixed methods approach. 
Both method triangulation and data triangula-
tion were used to gain a broader and deeper un-
derstanding of the research topic: 

▪ Desk research on the current state of 
research: an overview of relevant theoretical 
concepts and existing empirical studies; 
▪ qualitative consultation of numerous 
experts and practitioners from the respec-
tive specialist or application area, as strictly 
structured surveys of a larger group and/or 
as semi-structured qualitative interviews; 
▪ quantitative survey of as many repre-
sentatives of the target groups as possible; 

▪ multivariate analysis of the data. In such a 
process, a coherent model is developed step 
by step that meets the criteria: intrinsic co-
herence, the right level of concrete-
ness/generality, the precision of definitions, 
practical relevance, and concrete usability. 
This is "art and science" at the same time, as 
the title of the book by Lucia & Lepsinger 
(1999) on the development of competence 
models says. To end up with a validated 
competence model that is suitable as a basis 
for concrete strategies for higher education 
and continuing education, we have struc-
tured the procedure for the AI-Comp study 
as follows: 

 
Preliminary study (see chapter 4): 

▪ Literature analysis and determination 
of the state of research concerning AI skills 
▪ Inventory of competence items from 
elaborated competence models ("behav-
ioral anchors") in an item pool 
▪ Consolidation and quality check of the 
competence items  
▪ Formulation of the first version of the 
AI Comp model 

▪ Qualitative review of the first version of 
the AIComp model (semi-structured inter-
views) 
▪ Formulation of a second version of the 
AI comp model as a result of the qualitative 
interviews 

Quantitative Studie (vgl. Kapitel 5) 
▪ Construction of the questionnaire 
▪ Implementation of the study 
▪ Evaluation of the data 
▪ Formulation and publication of the 
AIComp model 
 

The AIComp framework is a contribution to so-
cietal transformation, towards a world in which 
citizens can develop freely and actively. An un-
derstanding of skills that is limited to economic 
and technical aspects would be too narrow for 
this. This is why AIComp is based on a concept 
of human capital that includes social and cul-
tural capital in addition to economic capital 
(Bourdieu 1983). Holistically understood educa-
tion is human capital in this broad sense. It not 
only plays a decisive role in economic perfor-
mance but also the general development of in-
dividual and social potential. 
With this objective in mind, the AI-Comp study 
aimed to identify Future Skills that are not only 
important for certain professional or specialist 
fields of action but for a wide range of chal-
lenges that many different people are con-
fronted with. It is therefore about behavioral, 
holistic handling skills. Subject-specific skills 
that are only useful in a narrowly defined field 
of action are put aside here. 
The aim of the qualitative preliminary study 
was not to achieve completeness, but rather 
comprehensive content coverage. The central 
qualitative criterion here was construct satura-
tion, intending to identify new competence 
items until there was a sufficient level of cover-
age concerning the constructs covered inter-
personally comprehensible saturation. This en-
deavor led the research team to a repeated it-
eration of mutual assignment processes, as en-
visaged by the qualitative content analysis pro-
cedure. 
To achieve the broadest possible coverage in 
the competence items, the criterion of maxi-
mum differentiation was also used. Interna-
tional competence studies as well as domain-
specific competence studies and studies from 
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different areas of education were included. The 
intention behind this maximum differentiation 
of the study area was to map the structures 
found as comprehensively as possible by con-
sidering a diverse study landscape and thus to 
cover a broad subject area. 
The "Rapid Evidence Assessment" (REA) 
method was chosen for the individual sub-
phases of the preliminary study. The aim was to 
obtain a systematically comprehensible and 
representative overview of the entire spectrum 
of studies, papers, and written concepts on the 
topic of "AI competences" in an agile process. 
This methodical approach made it possible to 
systematically develop a broad spectrum of 
competence items that reflects both the depth 
and breadth of the field of investigation and 
thus lays the foundation for further research in 
this innovative and increasingly important area 
of higher education.2 
In addition to reconstructing the various terms 
and approaches for describing “AI compe-
tence”, the specific goal was to create an inven-
tory of concrete competence items for the field 
of AI from existing competence lists or frame-
works (see “Research questions”) to then iden-
tify the structures and needs behind the confus-
ing and hardly predictable AI transformation in 
the further sequence of qualitative and quanti-
tative research steps. The preliminary study 
was conducted by a research team between 
December 2022 and February 2023. 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
2  As part of a well-reflected heuristic approach, 

the FGD method accepts compromises in the com-
pleteness of coverage and the depth of penetration 
of a field (cf. Barends, Villanueva et al. 2017). FGD is 
often used by decision-makers to get a quick over-

 
 
  

view of a particular field, which can then guide fu-
ture activities. The FGD guideline of the Center for 
Evidence-Based Management (CEBMa) suggests 12 
steps to follow when conducting FGD phases (Bar-
ends, Rousseau et al. 2017, see https://cebma.org/). 
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4. Preliminary 

study: Evalua-

tion of the state 

of research in 

relation to AI - 

competences 

4.1 Rapid evidence assessment 

as a method for determining the 

state of research 

There are different types of literature reviews. 
The most widespread method for presenting 
the state of research on a topic is the so-called 
systematic review (SR). An SR aims to identify 
all relevant studies on a specific topic as com-
prehensively as possible and to select suitable 
studies based on explicit criteria. These studies 
are then evaluated to determine their internal 
validity. A systematic approach is taken when 
selecting the studies: The methodological qual-
ity of the studies in question is evaluated inde-
pendently by several researchers using explicit 
criteria. An SR is therefore transparent, verifia-
ble, and reproducible. As a result, the probabil-
ity of bias in an SR is significantly lower than in 
conventional literature reviews. 
A Rapid Evidence Assessment (REA) is also an 
evidence overview. The main difference be-
tween these two types of reviews is the time 
and resources devoted to their production, as 
well as the breadth and depth of the results. To 
be "fast", an REA makes concessions to the 
breadth, depth, and completeness of the 
search. Certain aspects of the search can be re-
stricted to achieve a faster result for  
example: 

▪ Search: Consultation of a limited num-
ber of databases and exclusion of un-
published research. 
▪ Inclusion: Inclusion of only certain re-
search designs (e.g. meta-analyses or con-
trolled studies). 
▪ Data extract: Only extract of a limited 
number of key data such as year, popula-
tion, sector, study design, sample size, mod-
erator/mediator, main results, and effect  
sizes. 
▪ Critical evaluation: Limiting the quality 
assessment to methodological appropriate-
ness and quality. 
 

 
Due to these limitations, an FGD can be more 
prone to bias than an SR. However, an SR usu-
ally requires several months (sometimes even 
more than a year) of work by a team of scien-
tists, as it aims to identify all relevant published 
and unpublished studies, whereas an REA can 
be conducted by experienced individuals in just 
a few weeks. As a rule, organizations have nei-
ther the time nor the financial resources to 
commission a team of scientists to conduct an 
SR. Therefore, an FGD is the most widely used 
method for reviewing the scientific literature. 
The following 12 steps were carried out in the 
qualitative preliminary study, as described in 
Table 1. As part of our empirically based and 
tightly timed research project, the initial aim 
was to understand the range of relevant ap-
proaches as part of a reflective heuristic ap-
proach and to collect as many competence 
models as possible with precisely listed individ-
ual competence items from different areas. 
New publications on the topic of "AI and com-
petences" are currently appearing all the time. 
The AIComp study aimed to identify and exam-
ine, from a subject-scientific perspective, the 
fundamental areas of competence that are not 
themselves directly affected by the rapid inno-
vation of specific AI technologies and applica-
tions. 
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Table 1 Procedure for the preliminary study in 12 steps according to the FGD model 

Nr.  Name & Description AIComp-Procedure 

1 Background: Determines the 
co text for the study. 

Identify approaches to describe and inventory “competences for AI” from the 
research literature. 

2 Question: Specifies the objec-
tives for the study. 

Objective: To obtain a comprehensive picture of the range of approaches to 
“competences” in the field of AI, to develop an inventory list of competence 
items and to organize these in the form of a competence structure model. 

3 Inclusion criteria: Filters 
which evidence should be in-
cluded (e.g. date, type, focus 
area, etc.). 

Criteria for the relevance of studies and approaches: time (2019 to May 2023), 
language (German, English), keywords (artificial intelligence and abbreviated 
AI, and the following combinations, with and without hyphen: AI and compe-
tence, AI and competence framework, AI and skills, AI and abilities, AI and 
learning, AI and education, AI and training, AI and learning objectives, as well 
as English equivalents, in particular AI competences, competences, literacies). 

4 Search strategy: Identification of 
database searches, publications 

Multidimensional search process: Internet search engines, meta-databases, journals, 
conference reports. Iterative, snowball-like reference search including gray literature. 

5 Study selection: Abstract review; 
full-text reading for those that 
meet the inclusion criteria. 
criteria 

The search focused on elaborated competence frameworks with lists of specific compe-
tence items. Furthermore, publications that explicitly deal with the concepts of “AI liter-
acy” or “AI competence” but do not themselves contain lists or elaborated frameworks 
were classified as relevant. 

6 Data extraction: Extraction of all 
relevant data and results from the 
evidence base 

Extraction of the “competence items” from the developed AI competence models and 
creation of a list with 157 competence items. 

7 Critical evaluation: application of 
quality metrics; critical interpre-
tations 

Qualitative content-analytical reduction of the item pool. Review of the scope and qual-
ity using a test-based assignment of 34 competence items to the four competence di-
mensions (see below). 

8 Results: Results of the evidence 
assessment. Tensions in the evi-
dence base are highlighted 

Further reduction of the item base from 157 to 83 items by checking and filtering the 
items for their relationship to the competence dimensions of knowledge, skills and atti-
tudes. Elimination of items that are purely descriptive or overarching in nature. 

9 Synthesis: summarizing the evi-
dence and constructs; main find-
ings on research questions. 

Deductive development of competence fields with the data: Structuring of the item pool 
of 83 competence items based on 17 profile fields of the NextEducation model.  
First (1) Assignment of items to competence fields. All items could be assigned to 13 
competence fields.  
Then mutually related development of new or modified designations of the competence 
fields based on the content characteristics of the items while retaining the structuring 
by the competence fields of the NextEducation model.  
Result: 13 competence fields with a total of 83 competence items. 

10 Conclusions: Concise statements 
that convey the main results. 

Development of comprehensive competence field designations and, in some cases, nec-
essary internal structuring for some competence fields.  
Result: Formulated description and systematization of AI-related competences. 

11 Limitations: Description of the 
limitations of the FGD method for 
this study. 

Limitations in the construct clarity of the competence field formulations were examined 
using qualitative interviews. The focus and coverage of the competence items were also 
investigated. 

12 Practical implications: Recom-
mendations for action. 

Development of a qualitatively based action-theoretical competence model, at the 
same time the basis for further quantitative research steps. 

 
REA Step 1 and 2: Background and question  
(see explanation above in Table 1)) 
 
REA Step 3 to 6: Literature research and data 
extraction  
The literature search was designed as a multi-
dimensional search process. Internet search en-
gines, meta-databases, specialist journals, and 
conference reports were used. An iterative, 
snowball-like approach including gray litera-
ture ensured holistic coverage of the research 
spectrum. The focus of the search was on the 

first version of the AIComp competence frame-
work was developed with lists of specific com-
petence items. Furthermore, publications that 
explicitly deal with the concepts of "AI literacy" 
or "AI competence" but do not themselves con-
tain lists or elaborated frameworks were classi-
fied as relevant and included in the develop-
ment of the first version of the AIComp compe-
tence model. The results summarized: 

▪ Ten papers address AI-related skills 
from different perspectives and with differ-
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ent scopes: elaborated competence frame-
works, lists of competence elements, stud-
ies as a basis for the development of such 
frameworks, and general discussions of the 
concept of "AI competences" or "AI literacy". 
 
▪ Four publications were identified that 
contain suitable lists of specific AI compe-
tence items and are not limited from the 
outset to university degree programs or spe-
cific job profiles: Long & Magerko 2020, 
Vuorikari et al. 2022, André et al. 2021, 
Laupichler et al. 2023a. A further framework 
with AI competences was only announced 
and initially only documented in a web arti-
cle (then published in September by the Ber-
telsmann Foundation: Cantakli & Puntschuh 
2023). The Concordia University AI compe-
tence framework was excluded because it is 
aimed at curriculum development and can-
not easily be related to the practical needs of 
working people and the interesting frame-
work of the UNESCO Broadband Commis-
sion, which adds some formulations of AI 
competences to the list of digital compe-
tences of "public servants" with a leadership 
function, but which are too job-specific and 
at the same time too general in relation to AI 

to be meaningfully included in our inventory 
of "AI competence items". 
 
▪ Only one of the competence models 
found is, therefore, itself a complete compe-
tence structure model in the sense de-
scribed above: the DigComp model, which 
the EU has developed to describe the neces-
sary digital participation competences of 
citizens (for the theoretical basis, see Ferrari 
2013, Vuorikari et al. 2016). In 2022, the lat-
est version, DigComp 2.2, was expanded to 
include 73 AI-specific competence items. 
 
▪ Long & Magerko (2020: 2) define "liter-
acy" as "a set of competences that enable in-
dividuals to critically evaluate AI technolo-
gies, communicate and collaborate effec-
tively with AI, and use AI as a tool online, at 
home and at work". Laupichler et al. 2023 
make Long & Magerko's list the starting 
point for their own Delphi study. André et al 
(2021) speak explicitly of "skills", but deliber-
ately refrain from defining skills themselves. 
They too are initially very pragmatically con-
cerned with the needs of users, in this case 
specifically with "AI-supported technical 
and production work" in companies 
 

 
Table 2 Results of the literature research and evaluation 

Nr. Titel Author in the inventory 
included 

Year Sector 

1 What is AI Literacy? Competences and Design Consid-
eration 

Long, Magerko x 2020 not speci-
fied 

2 Competences for AI. Changes, needs, options for  
action 

André et al. x 2021 VET 

3 AI Literacy: Definition, Teaching, Evaluation and Ethi-
cal Issues 

Ng, Leung et al. not included, no list 
included 

ten 

2021 not speci-
fied 

4 Artificial Intelligence Competence Framework. A suc-
cess pipeline from college to university and beyond. 
(Concordia University, Kanada) 

Blok, Trudeau, Cas-
sidy 

not included be-
cause no suitable 

List 

2021 Higher 
Education 
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Artificial intelligence and AI-related skills. A research 
overview. 

Sūna/ Hoffmann 
 

not included, no list 
included 

2021 not speci-
fied 

6 A.I. and Digital Transformation. Competences for Civil 
Servants 

UNESCO Broad-
band Commission 

not included, since 
no suitable Item list 

2022 VET 

7 EU DigComp 2.2: The Digital Competence Framework 
for Citizens 

Vuorikari, Kluzer, 
Punie (EU) 

x 2022 LLL 

8 AI Literacy: Competence dimensions and influencing 
factors in the context of work 

Wienrich, Carolus et 
al. 

uses list of 
Long & Magerko 

2022 VET 

9 MAILS - Meta AI Literacy Scale: Development and Test-
ing of an AI Literacy. Questionnaire Based on Well-
Founded Competence Models and Psychological 
Change- and Meta-Competences 

Carolus et al. used list from Long 
& Magerko 

2022 VET 
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10 Delphi study for the development and preliminary vali-
dation of an item set for the assessment of non-experts’ 
AI literacy 

Laupichler et al. x 2023a not speci-
fied 

After selecting the research literature, a sys-
tematic inventory of competence items was 
carried out to develop an in-depth understand-
ing of the competences required in dealing with 
artificial intelligence (AI). This process involved 
the careful analysis and extraction of specific 
behavioral anchors from various AI compe-
tence models that reflect the range of skills 
(knowledge, skills, and values) required to act 
competently in AI contexts. The result was a list 
of 157 individual competence terms. 
During extraction, generic terms and catego-
ries of the underlying competence models were 
excluded to generate the broadest possible 
pool of items that had not yet been pre-struc-
tured as the basis for an unbiased analysis. 
These items describe behavioral anchors in a 
relatively broad spectrum: from differently 
specified cognitive abilities (e.g. understand-
ing, knowing, being able to describe; rather 
general in Long & Magerko (2020), more con-
crete in DigComp 2.2, more granular in 
Laupichler et al. (2023a) via the naming of com-
plex actions (e.g. André et al. (2021): "skills in 
analyzing large data sets" and "data mining") to 
quite generic action competences (e.g. André 
et al. (2021): "are able to adapt to the opportu-
nities and challenges implied by AI and adapt 
their way of working accordingly"). 
 
REA Step 7: Qualitative content-analytical re-
duction and verification of the quality of the 
item pool based on four competence dimen-
sions 
The third step was to check the quality of the 
item pool and improve it where possible. The 
competence item pool was then subjected to a 
content review: Do these items in their entirety 
represent the whole spectrum that belongs to a 
holistic understanding of subject-related action 
competence? It had to be ensured that the 
items in the item pool covered all important di-
mensions of action and did not, for example, fo-
cus too much on the instrumental handling of 
AI tools. Finally, the competence formulations 
used originate from approaches with very dif-
ferent theoretical foundations and pragmatic 
requirements. The "Bielefeld Media Compe-
tence Model" by Baacke (1996, 1997, 2001) was 

used for this study. From an overarching per-
spective, it describes four fundamental dimen-
sions of an emphatic, holistic ability to act in re-
lation to digital media, "which in principle every 
person should have developed" (Hugger 2021: 
4). The context of Baacke's model was the me-
dia landscape of the 1990s, but the competence 
concept formulated here has subsequently 
been referred to digital media again and again, 
most recently by Hugger (2021). AI applications 
and AI environments can therefore also be un-
derstood as extensions of these digital media: 
They are "media" as "AI applications" in the 
sense of extensions of human agency (McLu-
han 1964). In the background, AI has become an 
increasingly important component of media 
technologies such as search engines, recom-
mendation systems, and "social media", and 
the new "generative AI" is now also producing 
independent entities that produce and distrib-
ute media content. 
The "Bielefeld Competence Model" comprises 
four dimensions: (1) practical application (2) 
cognitive skills ("knowledge"), (3) creative de-
sign skills, and finally (4) critical-reflexive skills. 
The dimension "critical ability" refers compre-
hensively to the ability to differentiate, evalu-
ate, and assess technological applications and 
their effects on oneself, the social world, and 
the objects of the world. On the cognitive level, 
it is about concrete knowledge about the use, 
effect, and function of media technologies and 
media instances. Active and creative design 
with media and for media can be understood 
here in the sense of design thinking: the ability 
to think differently about existing technologies 
and tools and to contribute to creatively adapt-
ing, changing and further developing them. 
The review of the item pool according to this 
criterion revealed that a total of 34 items can be 
assigned very well and without overlap to these 
four dimensions of acting with technical media 
(as tools as well as production instances of me-
dia content). These 34 items are listed in table 
form below. The English-language formula-
tions in Long & Magerko (2020), Vuorikari et al. 
(2022), and Laupichler et al. (2023a) were trans-
lated into German as literally as possible. The 
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respective competence dimension is high-
lighted in color: 
 

 
 

Table 3 Structured collection of the most important competence items ("behavioral anchors") 
Nr
. 

ID Category Source  
(abbrevia-
tion) 

 Behavior anchor / competence description 

Practical application skills: Ability to use AI in a differentiated and targeted manner and to use AI tools and concepts 
for to make it available and usable for your own objectives. 
1 KIA1 Experience-re-

lated applica-
tion dimension 
(being able to 
use) 

André Has the skills to work confidently and confidently with traditional digital media and 
technology and can work smoothly with common AI applications and office pro-
grams and digital collaboration technologies. They have sufficient awareness of dig-
ital security aspects. 

2 KIA2 xperiential ap-
plication di-
mension (being 
able to use) 

André Are proficient in relevant programming languages such as Python as a basis for ma-
chine learning. 

3 KIA3 experiential ap-
plication di-
mension (being 
able to use) 

André Have skills in managing, collecting, compiling, processing and modeling data. 

4 KIA4 experiential ap-
plication di-
mension (being 
able to use) 

EU Is open to using AI systems that support people in making informed decisions in line 
with their goals 

5 KIA5 experiential ap-
plication di-
mension (being 
able to use) 

EU Can actively decide whether they want to follow an AI-generated recommendation 
or not 

AI customer: Knowledge and discernment with regard to AI and AI application concepts as well as knowledge of important appli-
cation areas. 

6 KIW1 cognitive 
knowledge di-
mension (“be-
ing knowledge-
able”) 

EU Has a willingness to continually learn, educate themselves and stay informed about 
AI (e.g., to understand how AI algorithms work, to understand how automated deci-
sion making can be biased, to distinguish between realistic and unrealistic AI, and to 
understand the difference between Artificial Narrow Intelligence, i.e., current AI ca-
pable of narrow tasks, and Artificial General Intelligence (AGI), i.e., AI that surpasses 
human intelligence, which is still science fiction).  

7 KIW2 cognitive 
knowledge di-
mension (“be-
ing knowledge-
able”) 

Long Recognize and describe examples of how computers think and make decisions.  

8 KIW3 cognitive 
knowledge di-
mension (“be-
ing knowledge-
able”) 

Long Recognize that computers often learn from data (including the user's own data). 

9 KIW4 cognitive 
knowledge di-
mension (“be-
ing knowledge-
able”) 

André Have the necessary subject-specific knowledge/skills to perform day-to-day tasks 
appropriate to their position. Depending on the employee's position, this may also 
include manual skills, for example. 

10 KIW5 cognitive 
knowledge di-
mension (“be-
ing knowledge-
able”) 

André Can recognize processes and workflows in the company, think in terms of these pro-
cesses and workflows and structure their own work behavior in terms of processes 
and workflows.  

11 KIW6 cognitive 
knowledge di-
mension (“be-
ing knowledge-
able”) 

Laupichler Can describe risks that can arise when using artificial intelligence systems.  

12 KIW7 cognitive 
knowledge di-
mension (“be-
ing knowledge-
able”) 

Laupichler 
130 

Can name ethical issues in connection with artificial intelligence. 
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13 KIW8 cognitive 
knowledge di-
mension (“be-
ing knowledge-
able”) 

Laupichler 
143 

Can explain why data security must be considered in the development and use of 
artificial intelligence applications & explain why data protection must be considered 
in the development and use of artificial intelligence applications.  

14 KIW9 cognitive 
knowledge di-
mension (“be-
ing knowledge-
able”) 

Delphi 145 Can give examples from his/her daily life (private or professional) in which I could 
come into contact with artificial intelligence.  

15 KIW10 cognitive 
knowledge di-
mension (“be-
ing knowledge-
able”) 

EU 211 Is aware that digital tools (including AI-driven ones) can contribute to energy effi-
ciency (e.g. by monitoring heating needs at home and optimizing heating manage-
ment). (4.3) 

16 KIW11 cognitive 
knowledge di-
mension (“be-
ing knowledge-
able”) 

EU 229 Knows how to formulate search queries to achieve the desired result when interact-
ing with conversational agents or smart speakers (e.g. Siri, Alexa, Cortana, Google 
Assistant), e.g. by recognizing that the query must be unique and spoken clearly for 
the system to answer it in order for the system to respond as desired.  

17 KIW12 cognitive 
knowledge di-
mension (“be-
ing knowledge-
able”) 

EU Is aware that AI systems are usually developed by people from narrow demographic 
backgrounds (e.g. white males from higher socio-economic groups in higher income 
countries), which may result in the systems they develop being less sensitive to the 
needs of women, people from different ethnic minorities, lower socio-economic 
groups, people who need digital accessibility (e.g. with disabilities, functional limita-
tions), or citizens from low-income countries.  

18 KIW13 cognitive 
knowledge di-
mension (“be-
ing knowledge-
able”) 

EU Knows that all EU citizens have the right not to be subject to fully automated deci-
sion-making (e.g. if an automated system rejects a credit application, customers 
have the right to request a review of the decision by a person).  

AI creativity: Creative design skills, using AI tools and developing them further to innovatively design concepts, processes or or-
ganizations. 

19 KIK1 creative dimen-
sion 

Long Decide when the use of AI is appropriate and when human skills should be used. 

20 KIK2 creative dimen-
sion 

André Can contribute to teams with different compositions. They can work together with 
colleagues from different professional backgrounds and with different levels of ex-
perience and expertise. In contact with customers and users of AI systems, employ-
ees can explain the special features of the use of AI systems for their respective area 
of responsibility. 

21 KIK3 creative dimen-
sion 

 Ability to use AI creatively in and for strategy processes and leadership concepts.  

22 KIK4 creative dimen-
sion 

André With management responsibility - can organize a team, coordinate and delegate 
tasks (bundles). They can communicate the potential and limitations of AI, allay fears 
and activate further training potential. When integrating AI systems into company 
processes, they can formulate reasonable goals and thus help shape the change pro-
cess. 

23 KIK5 creative dimen-
sion 

EU Considers the ethical implications of AI systems throughout their lifecycle: this in-
cludes both the impact on the environment (ecological consequences of the produc-
tion of digital devices and services) and on society (e.g. platformization of work and 
algorithmic management that may suppress workers' privacy or rights, the use of 
devices that may violate workers' privacy or rights, the use of cheap labor for labeling 
images to train AI systems). 

24 KIK6 creative dimen-
sion 

EU Is interested in experimenting with different types of AI systems depending on their 
own personal needs (e.g. virtual assistant, image analysis software, voice and facial 
recognition systems, autonomous cars, “embodied” AI such as robots). 

Critical, analytical attitudes and value-based positions that enable students to take a critically differentiated, analytical and reflec-
tive approach and adopt an ethically based perspective on the topic of AI. 

25 KIR1 Critical analyti-
cal dimension 
(reflexive) 

Long Critically analyze and discuss the characteristics that make an entity “intelligent,” 
including a discussion of the differences between human, animal, and machine intel-
ligence. 

26 KIR2 critical analyti-
cal dimension 
(reflexive) 

Long Identify types of problems where AI excels and those that are more challenging for 
AI.  
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27 KIR3 critical analyti-
cal dimension 
(reflexive) 

André Can critically interpret and evaluate the information and results of AI systems. can 
independently and competently assess when trust in AI systems and the data gener-
ated by AI systems is justified. 

28 KIR4 critical analyti-
cal dimension 
(reflexive) 

Laupichler Can critically reflect on the possible effects of artificial intelligence on individuals and 
society. 

29 KIR5 critical analyti-
cal dimension 
(reflexive) 

EU Recognizes that AI tools for creating images, writing and music are dependent on 
humans (e.g. in setting the initial parameters and selecting the results), while hu-
mans can use AI tools to enhance their creativity. 

30 KIR6 critical analyti-
cal dimension 
(reflexive) 

EU Can recognize that some AI algorithms can reinforce existing views in digital envi-
ronments by creating “echo chambers” or “filter bubbles” (e.g. if a social media 
stream favors a particular political ideology, additional recommendations can rein-
force that ideology without being confronted with arguments to the contrary).  

31 KIR7 critical analyti-
cal dimension 
(reflexive) 

EU Weighs the benefits and risks before allowing third parties to process personal data 
(e.g. recognizes that a voice assistant on a smartphone used to give commands to a 
robot vacuum cleaner could give third parties - companies, governments, cybercrim-
inals - access to the data).  

32 KIR8 critical analyti-
cal dimension 
(reflexive) 

EU Is aware that the data on which AI depends may contain biases. If this is the case, 
these biases can be automated and exacerbated by the use of AI. For example, 
search results about occupations may contain stereotypes about male or female oc-
cupations (e.g. male bus drivers, female sales clerks).  

33 KIR9 critical analyti-
cal dimension 
(reflexive) 

EU Recognize that the application of AI systems in many areas is usually uncontroversial 
(e.g. AI that helps to avert climate change), but that AI that interacts directly with 
people and makes decisions about their lives can often be controversial (e.g. soft-
ware for sorting CVs in recruitment processes, scoring of exams that can determine 
access to education).  

34 KIR10 critical analyti-
cal dimension 
(reflexive) 

Long Understand that data cannot be taken at face value and must be interpreted criti-
cally. 

REA Step 8: Content-analytical reduction of 
items 
The item base was further examined using con-
tent analysis. This enabled a further reduction 
of the item base. This was done in two sub-
steps:  

▪ A qualitative content analysis review of 
the items and the consolidation of the items 
from different sources to create a clear and 
unambiguous “item library”. Items with suf-
ficient similarity were combined, synony-
mous expressions were further merged, and 
multi-dimensional items were broken down 
into their components.  
▪ A further reduction of the item base by 
checking and filtering the items for their re-
lation to the competence dimensions of 
knowledge, skills, and attitudes. Eliminating 
items that are purely descriptive or too gen-
eral. 
 

The result was a list of 83 one-dimensional 
items with no overlaps in content. 
 

REA Step 9 and 10: Deductive development of 
competence fields for AI Future Skills from the 
item pool 
In principle, various approaches are conceivable 
for moving from an unstructured list of compe-
tences to a competence structure model. For 
example, structuring according to content-re-
lated topics (inductive) is conceivable, e.g. on a 
semantic level, i.e. grouping similar compe-
tence items into semantic clusters of compe-
tence terms. 
A second, deductive approach was chosen for 
the development of the AI-related skills struc-
ture model AIComp. The NextSkills model (Eh-
lers 2020) served as the initial basis. The 
NextSkills model divides general Future Skills, 
i.e. not yet AI-related Future Skills, into 17 skills 
fields, which are grouped into three skills areas 
(ibid.). 
The NextSkills model was reviewed again in 
2022 to ensure that it can cover the skills lists 
available in German-speaking countries at that 
time and that these can be incorporated into 
the complete NextSkills structural model. The 
resulting scientifically sound conceptual and 
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analytical framework comprises 17 fields of ac-
tion ("Future Skills Profiles") that will be partic-
ularly relevant in the future. 
The 83-item AI item pool was therefore used to 
check whether and, if so, which of the 
17 competence fields are suitable for structur-
ing the competence items. Here, too, it was 
confirmed that the pool is suitable for deriving 
a comprehensive range of competences. In this 
way, an initial compilation of 13 "Future Skills" 
emerged, which appeared to be particularly sig-
nificant as "action skills for a world shaped by 
AI". 11 of the 13 "Future Skills" competence 
fields could be assigned between 2 and 5 AI 
competence items. In the two more technol-
ogy-related competence fields 
  
As expected, there were significantly more 
"digital competence" (19) and "system compe-
tence" (13). In addition to semantic and con-
tent-related structuring, this also provides a 
depth of action theory, which results from the 
fact that competence profiles are already for-
mulated holistically in terms of action theory, 
while items often only refer to individual as-
pects of competence. 
A categorization was constructed along the 
lines of content-related semantic and learning 
theory aspects, which led to 13 competence 
fields. The competence fields were named and 
described in a new or modified way according 
to their substantive content. 
 
REA Step 11: Validation of the first AI comp 
version through qualitative interviews 
In a further construction step, qualitative inter-
views were conducted to validate the plausibil-
ity of the construction, the relevance, and the 
comprehensibility of the formulations for the 
competence fields and competence areas. The 
interviewees were selected according to the cri-
terion of maximum differentiation - both in 
terms of their biographical age, their perspec-
tive on the topic, and their experiences. 
Ten semi-structured interviews, each lasting 30 
minutes, were conducted for this purpose. This 
methodological approach aimed to obtain con-
text-specific knowledge in a targeted and com-
parable manner, while at the same time re-
sponding flexibly to the individual experiences 
and perspectives of the interviewees. (Ehlers, 

Lindner, Rauch 2023) The interview guidelines 
had a three-part structure: 
(1) First, questions were asked about the gen-
eral context and the individual understanding 
of artificial intelligence (AI). (2) Then, open 
questions were asked about necessary AI com-
petences from the interviewees' point of view, 
in connection with their experiences in their ar-
eas of activity. (3) Finally, the first version of the 
AI comp framework was presented as a graphic, 
gone through with the interviewees, and asked 
for critical feedback based on the previous con-
versation. 
The interview results were documented in a 
data entry form to enable a systematic compar-
ative analysis of the qualitative and quantita-
tive data. These results were coded according 
to the main statements. A list of the main topics 
that the interviewees had named or raised in 
the interview was compiled. These results were 
incorporated into the further research process 
in duplicate form: The semi-open survey pro-
vided indications of the respective range of AI 
experiences at work and in private life and how 
each was interpreted individually. These results 
later served as the basis for the creation of the 
44 AI-related questions in the quantitative 
study questionnaire. The structured feedback 
from all interviewees on the first draft of the 
AIComp competence model was used for basic 
validation and targeted further development. 
The competence model based on the Next 
Skills framework was unanimously rated as fun-
damentally suitable by the interviewees and led 
to productive comments on the competence 
topic in each case. The competence model was 
fundamentally revised based on the analytical 
findings and the respondents' specific sugges-
tions for changes. The basic architecture was 
retained, but individual structural elements 
were supplemented or summarized. Some ar-
eas of competence were named and defined 
differently, and some descriptions were clari-
fied and modified. 
Particularly, AI-related "digital competence" 
was further differentiated into two separate ar-
eas of competence: "instructive digital compe-
tence" and "critical digital competence". In the 
sense of Baacke's concept of "critique", the lat-
ter concerns the ability to perceive AI systems 
in a differentiated way and to see through them 
as transparent. Overall, this resulted in the first, 



 

 
 

34 

qualitatively validated version of the AI-related 
AIComp model, which now comprised 12 fields 
of AI-related competences. This version then 
served as the basis for the quantitative part of 
the study. 

4.2 Consolidated areas of exper-

tise for AI-related Future Skills 

After reviewing the state of research on "AI 
competences" and the qualitative interviews, a 
competence structure model was developed 
that is already divided into three large compe-
tence areas, each with 12 assigned competence 
fields:  
 
A. Developing your skills for AI-related areas 
of activity: Skills to act confidently as an indi-
vidual in an AI-permeated world and to use AI 
concepts and tools responsibly and reflectively 
for their own goals. 
B. Working and designing with AI and for AI: 
Skills to use AI applications and to (further) de-
velop them for organizationally or individually 
significant contexts of action. 
C. Shaping your social environment with and 
for AI: Competences to use AI appropriately in 
one's own private or professional social envi-
ronment and to creatively design new AI-re-
lated areas of activity in collaboration with oth-
ers. 
 
 
 
 
The 12 fields of competence assigned to these 
three major areas are described as follows:  
 
A.I Decision-making Competence: Be able to 
weigh up choices in AI-dominated spaces, 
make decisions, and take responsibility for 
them. 
A.II Ethical Competence: The ability to per-
ceive and understand AI-relevant issues as eth-
ical issues and to act responsibly in relation to 
them.  
A.III Learning Competence: Openness, ability, 
and willingness to learn about AI topics using AI 
tools and applications. 

A. IV. Critical Thinking: Be able and willing to 
reflect on the underlying behaviors, mindsets, 
and value systems in AI-influenced action 
spaces and evaluate how they influence actions 
and decisions. 
A.V Self-competence: Being able to find a bal-
ance between self-determination and heteron-
omy in AI-influenced spheres of activity and to 
use AI tools for self-directed support.  
B.I Instrumental digital competence: Being 
able to use and further develop AI tools and 
knowing the limits of AI applications. 
B.II Critical digital competence: Understand-
ing, analyzing, and critically evaluating the 
technological logic of AI systems regarding 
their impact on data, organizations, and soci-
ety.  
B.III System design competence: Ability to 
align AI-integrated concepts and/or systems 
with personal, psychological, and social needs, 
both in the planning and deployment phases. 
B.IV Creative design competence: The ability 
to develop future designs for AI-related action 
spaces in organizations and to solve complex 
problems by combining technical and human 
systems.  
C.I Initiative Competence: Open, courageous, 
and creative participation in initiating and shap-
ing joint AI-related action spaces (professional 
and private) in one's environment. 
C.II Cooperation Competence: Being able to 
work on AI projects and plans in interdiscipli-
nary cooperation projects, also across cultures.  
C.III Communication Competence: Ability to 
communicate about AI topics in different con-
texts and to understand different perspectives 
empathically. 
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5. Quantitative 

study on Future 

Skills for a liv-

ing and working 

environment in-

fluenced by AI 

This section describes the operationalization, 
design, and implementation of the quantitative 
online study AIComp. The initial vision of the 
competence model developed after the previ-
ous steps formed the basis for the development 
of a questionnaire that was to be designed to 
appeal to different people from all socio-demo-
graphic groups and all areas of work. All em-
ployed persons in Baden-Wuerttemberg were 
defined as the target group. 
Of the 44 questions in the main questionnaire, 
which forms the core of the study, eight ques-
tions related to the specific use of AI (at home 
and work) and to general assessments of AI 
technologies in general. This was followed by 
three questions on each of the 12 fields of com-
petence of AI-Comp. A total of 41 questions As-
sessment questions: here, statements were 
given that could be agreed upon on a four-part 
rating scale.  
▪ Part 1: Your experiences with AI and atti-

tudes towards AI (8 question items on type 
and frequency of use, general attitudes to-
wards AI) 

▪ Part 2: Your skills in dealing with AI (36 ques-
tion items on the competence fields, de-
scribed here as “12 skills that are useful in 
dealing with AI”). 

▪ Part 3: Statistics (5 questions on socio-de-
mographic data: Age, gender, occupational 
function, field of activity, company size) 

5.1 Questionnaire construction 

The questionnaire comprised 5 sections, which 
are shown in Fig.2:  
 

 
Figure 2 Structure of the questionnaire: Sequence of 

topics asked about 
 

In the main section with the questions on the 
competence fields, three assessment ques-
tions were asked for each competence field, 
corresponding to three dimensions (Figure 
2):  
▪ A question about self-perceived sover-
eignty concerning these skills (i.e. the de-
gree of competence that one ascribes to 
oneself); 
▪ a question about their assessment of 
the importance of these skills in the future; 
▪ a question about their experience with 
AI that requires these skills. 

 

 
Figure 3 The three question dimensions for each com-

petence field 

 
The study used Likert scales with four-part rat-
ings for all questions on the AIComp model and 
for five other questions on AI assessment. In 
each case, a statement was provided to which 
respondents could respond with “strongly 
agree”, “agree”, “disagree”, “strongly disagree” 
and “can't judge”. The system of questions on 
the three dimensions, together with the Likert 
scaling, opened extensive possibilities for the 
differentiated recording and analysis of the re-
sponses. AI-related attitudes and self-percep-
tions of the participants. 
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Figure 3 shows the example of the three AI-re-
lated questions on what was called “Critical 
Digital Literacy” in the underlying AIComp 
model: 
 

 
Figure 4 Example of question formulations with Lik-

ert scale 

 
In addition, a filter was used for a separate sec-
tion to address some questions specifically to 
the employees of the DHBW's3 dual partners. 
These are related to the requirements of the 
dual partner organizations concerning studying 
and preparing for AI. Finally, socio-demo-
graphic data was collected, including infor-
mation on the profession, the activity at the 
workplace, and the size of the respective com-
pany or organization.  
The aim of the entire survey was twofold:  

▪ To collect data that would enable the 
preliminary AIComp model with 12 compe-
tence fields to be statistically validated, mul-
tivariate analyzed and thus provide precise 
information for further development;  
▪ to obtain as broad and meaningful a 
picture as possible of the subjective AI-re-
lated skills assessments of the employees 
surveyed in Baden-Wuerttemberg. 

5.2 Field access, data collection, 

and data analysis 

Field access was via an online questionnaire de-
veloped using Titian's ESF Survey system. The 

 
 
 
3 The students of the Baden-Württemberg Coop-

erative State University are sent by more than 9000 

pretest took place in May 2023 with over 120 
people and led to the further development and 
validation of the questionnaire. The field phase 
lasted from May 15, 2023, to July 31, 2023. 
In principle, every person with a job in Baden-
Wuerttemberg belonged to the target group. 
The study was primarily sent out via a multiplier 
procedure: the invitation to participate in the 
survey was distributed to many thousands of 
the more than 9,000 dual partner organizations 
(of all sizes) via the 10 regional DHBW locations 
and their partner management. DHBW profes-
sors, especially course directors with their part-
ner contacts, were included both as multipliers 
and as a target group. In addition, the Cham-
bers of Industry and Commerce in Karlsruhe 
and Heilbronn as well as Südwestmetall sup-
ported the mailing via their communication 
channels. 
At the same time, a social media campaign was 
run on various channels over the entire period, 
supported by a specially developed graphic se-
ries. The university management and the 
DHBW staff council expressly supported the 
study as partners. 
All in all, we estimate the following campaign 
reach: 

▪ Direct mailings (estimated): 5500  
▪ Professors reached: 900  
▪ Social media reach: 22000  
▪ Distribution of the study via newslet-
ters and partner websites (IHK and Südwest-
metall): 3500  
▪ Total: 31900  
▪ Participants in total: 6653  
▪ Response rate: 20.86% 
▪ Usable questionnaires after data 
cleansing: 1644  
 

Response rate after data cleansing: 5.15% 
According to this estimate, the campaign 
reached a total of over 31,900 people, with 
6,653 participants taking up the invitation to 
take part in the survey and viewing at least the 
first page of the online survey. This would cor-
respond to a gross take-up rate of 20.86%. Af-
ter data cleansing, 1,644 questionnaires were 

partner organizations. These include companies and 
organizations of all sizes and sectors. 
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usable, resulting in an adjusted net response 
rate of 5.15%.4 This rate is of sufficient quality 
for open online surveys.  The data cleansing in-
cluded the inclusion of questionnaires that 
were answered up to and including question 16 
(1,745 questionnaires) and the exclusion of 
questionnaires with conspicuous data patterns 
(feeders) as well as questionnaires with contra-
dictory information (101 questionnaires).  
The data collected in this way cannot be consid-
ered representative of the population, as no 
comparative data is available for the population 
of all employees in Baden-Wuerttemberg with 
AI experience. However, there is a constructed 
representativeness concerning age and gender 
in relation to the structure of employees in Ba-
den-Wuerttemberg. 
 
The evaluation was carried out in the following 
steps: 
I Analysis step 1: Univariate and bivari-
ate analysis  
The first phase of the data analysis comprised 
the univariate and bivariate evaluation of all 
questions concerning age, gender, position, 
and organizational affiliation. 
II  Evaluation step 2: Construction of an 
AI activity index 
An AI activity index was developed based on 
answers to questions relating to the frequency 
(question 2) and type of AI use (question 3). 
III  Evaluation step 3: Attitudes towards AI 
The evaluation of the main statements on atti-
tudes towards AI formed the third step. 
IV. Evaluation step 4: Explorative evalua-
tion 
In this step, a statement system was devel-
oped for the main statements and trends, 
which was then discursively refined and vali-
dated by the research team. 
V. Evaluation step 5: Evaluation using 
principal component analysis 
For the further construction of an updated 
competence model, we were able to draw on a 
total of 59,184 individual subjective assess-
ments of AI-related competences. A principal 
component analysis was used to construct and 
compare different variants of the competence 

 
 
 
4Values are partly estimated. 

model with 4 to 12 factors (i.e. data clusters in-
dicating separable competence fields). A 12-
factor solution was ultimately selected based 
on statistical indicators (scree plot) and quality 
of content. This means that the AIComp model 
again shows 12 areas of competence after the 
statistical test. The explanatory power of the 
Future Skills approach has been confirmed. 
However, the structure of the responses has 
resulted in new divisions and attributions in 
some places (see the separate report on the 
details of the AIComp skills model develop-
ment). 
VI  Evaluation step 6: Explorative target 
group analysis 
In addition to the explicitly queried target 
group characteristics, an explorative analysis 
was carried out using the data from all re-
sponses to the competence field questions, 
which led to the identification of a total of four 
clusters using a screen test and a scatterplot-
based cluster analysis. After all, almost exactly 
half of the participants who use AI could be as-
signed to one of these four clusters, which rep-
resent user types based on the competence 
profile. (The results of this exploratory target 
group analysis will be published separately). 
VII  Evaluation step 7: Action relevance 
matrix  
Finally, a discrepancy analysis was carried out, 
which evaluated the 36 competence field ques-
tions in two matrices: To assess the future sig-
nificance of the 12 competence fields by the 
respondents, the values for experience and 
then the values for sovereignty were each 
compared separately (see below, 5.5).  
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6. Results of the 

quantitative 

study 

6.1 Description of the study sam-

ple 

Our research shows that of the 1,644 partici-
pants in the study, 1,397 people reported using 
AI applications, while 247 people reported be-
ing non-users. This differentiation between us-
ers and non-users not only allows us to analyze 
social statistical characteristics in-depth but 
also usage behavior concerning AI technolo-
gies. The results provide valuable insights that 
can support the development of inclusive strat-
egies to ensure that no one is left behind in the 
digital transformation. 
We must take these non-users with us to ensure 
a socially responsible digital future. Their inclu-
sion is not only a question of digital participa-
tion but also social justice. By understanding 
their needs, fears, and reservations, we can de-
velop more targeted programs and initiatives 
aimed at overcoming these barriers. This can be 
done through education, making technology 
accessible, and creating awareness of the ben-
efits of digital applications. 

 
Figure 5 AI users vs. non-users 

6.1.1 Age structure 

The age structure of the study participants re-
flects a broad spectrum of the working popula-
tion. The age distribution among the 1,644 par-
ticipants can be characterized as follows (Figure 
5)): 

▪ Under 18s: At just 0.1% (n=1), the group 
of under-18s is virtually unrepresented. 
This is in line with expectations - this 
age group is usually not yet fully em-
ployed. 

▪ 18-29 years: The younger working peo-
ple aged 18 to 29 make up 20.3% 
(n=334) of the sample. This age group is 
particularly interesting as they encoun-
ter new technologies at an early age 
and could therefore potentially have a 
higher affinity for AI applications. 

▪ 30-39 years: People aged 30 to 39 years 
represent 23.3% (n=383) of the partici-
pants and thus represent the early to 
mid-career phase. 

▪ 40-49 years: The 40-49 age group is 
represented by 21.4% (n=352) and re-
flects the established working popula-
tion. 

▪ 50-59 years: With a share of 23.7% 
(n=390), the 50-59 year-olds form the 
largest group in the study. This age cat-
egory includes experienced workers 
who hold important positions and func-
tions in organizations. 

▪ 60+ years: Participants over the age of 
60 makeup 6.4% (n=106) and re-repre-
sent the group of older employees or 
those in transition to retirement. 

▪ No information: A small proportion of 
respondents (4.7%, n=78) did not pro-
vide any information about their age. 

 
Figure 6 Age structure of the participants in the 

AIComp study 

 
The age distribution shows a relatively even 
representation of the different age groups in 
working age. The mean age of the participants 
is 41.6 years, the median is 41 years. The age 
distribution is therefore slightly skewed to the 
right, with most respondents in middle age. 
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This corresponds quite closely to the age distri-
bution in the last Baden-Wuerttemberg micro-
census. 
This data provides important indications of the 
potential of different age groups to engage 
with AI technologies. They can serve as a basis 
for the targeted development of education and 
development programs that address the spe-
cific needs and abilities of these age groups. 

6.1.2 Gender balance 

The gender distribution of the 1,644 partici-
pants was also surveyed as part of the study. 
The distribution by gender is as follows (Fig-
ure 6): 
▪ Female: 704 people identified them-

selves as female, which corresponds to 
42.8%. This high level of participation 
opens the possibility of analyzing gen-
der-specific data from the study con-
cerning the use of AI by women in more 
detail. 

▪ Male: Most participants, namely 884 
people or 53.8%, stated that they were 
male.  

▪ Diverse: A small number of respond-
ents (9 people, corresponding to 0.5% 
of participants) identified themselves 
as diverse.  

▪ Not specified: 47 people, or 2.9% of 
participants, did not specify their gen-
der. 

 

 
Figure 7 Gender distribution of participants in the 

AIComp study 

 

 
 
 
5 In the 2021 microcensus, the gap between men 

and women was 7.3 points (Statistisches Landesamt 
Baden-Württemberg 2021); among the participants 
in the study, it was 10.9 points. 

6 The IfM Bonn (Institute for SME Research) uses 
its own, expanded definition of “Mittelstand” to fill 

The gender distribution in this study is im-
portant for the interpretation of the results re-
garding gender-specific differences in the use 
of and attitudes toward AI. The gender ratio in 
the random sample is also very close to the gen-
der ratio of employees in the 2021 Baden-
Wuerttemberg microcensus (54% to 46%). The 
imbalance between male and female partici-
pants is slightly higher in the random sample 
with a difference of 11 instead of 8 percentage 
points.5   

6.1.3 Organization size 

The size of the organizations in which the par-
ticipants are employed provides a significant 
clue to differentiate the experience with and at-
titude towards AI (Figure 7). The question arises 
as to whether a larger company size brings with 
it a higher affinity for AI and how this presents 
itself in the context of SMEs.6  
As part of the survey, the question was asked: 
“How large is the organization to which you feel 
you belong?” The distribution resulting from 
the random sample differs significantly from 
the overall statistics for Baden-Wuerttemberg: 
there is a disproportionate number of employ-
ees from large companies (250 employees or 
more) and significantly fewer from small and 
medium-sized enterprises according to the EU 
definition of SMEs (10-49 employees). In con-
trast, the proportion of employees from me-
dium-sized companies (50-249 employees) cor-
responds approximately to the national aver-
age. 
 

the large gap that opens up between an SME with 
249 employees and large corporations with many 
10,000 employees: https://www.ifm-bonn.org/defi-
nitionen/mittelstandsdefinition-des-ifm-bonn 
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Figure 8 Size of the organizations in which the partic-

ipants in the AIComp study work. 
 
The company size classes were adjusted for a 
more differentiated evaluation. Companies 
with 50 to 249 employees are considered “me-
dium-sized enterprises” according to the EU 
definition, while all companies with more than 
250 employees are classified as “large enter-
prises”. To better reflect the “large SMEs”, 
which are economically important for Baden-
Wuerttemberg, a separate category was cre-
ated for organizations with more than 250 em-
ployees. 2250 to 4999 employees. Employees 
in this category represent the largest group in 
the sample at around 50% (819 people). A focus 
group thus emerges that includes employees 
from “large, medium-sized companies” and 
“small, large companies”. The entire “Mittel-
stand” also includes the second-largest group 
with 355 people from companies with 50 to 249 
employees, i.e. “medium-sized companies” as 
defined by the SME definition. A further 246 
people (approx. 15%) work in large companies 
with 5,000 or more employees. Micro-enter-
prises with up to nine employees account for 
only approx. 2% (33 people) and only 104 peo-
ple (approx. 6.3%) are employed in small com-
panies according to the SME definition (10 - 49 
employees). 
The study shows in many places that the type 
and intensity of experience with AI strongly de-
pend on the size of the company. Interestingly, 
only 15% of participants have no AI experience 
at all. Deviations from this average mainly af-
fect employees from small companies, which 
have around 5% fewer AI users than the aver-
age, and from large companies with more than 
5000 employees, where the proportion of AI us-
ers is around 8% higher than the average). 
These findings indicate that there is fertile 
ground for the adoption and application of AI 
technologies, especially in large and medium-

sized companies in Baden-Wuerttemberg. The 
so-called “hidden champions”, often medium-
sized companies that are global leaders in spe-
cific niches and represent a mainstay of Baden-
Wuerttemberg's economy, are particularly pre-
sent. Company size appears to be a predictive 
factor for AI affinity, which points to the need 
for a differentiated consideration of different 
company sizes in the context of AI integration. 

6.1.4 Professional position of the par-

ticipants 

Of the 1,644 respondents, most could be cate-
gorized into specific, clearly defined profes-
sional roles (Figure 8). The following profes-
sional positions, which account for more than 
5% of the total responses, are particularly note-
worthy: 

▪ Team leader: With 184 mentions, which 
corresponds to 11.2% of the total par-
ticipants, this group represents the 
largest share in the professional classi-
fication. 

▪ Manager: This category comprises 171 
people or 10.4% of respondents, which 
indicates a high proportion of people in 
management positions. 

▪ Personnel officer: With 151 responses 
and 9.2% of the sample, HR specialists 
are also well represented. 

▪ Project manager: This role was indi-
cated by 108 participants, i.e. 6.6%. 

▪ Engineer: As representatives of the 
technical professions, engineers are in-
volved with 92 mentions (5.6%). 

▪ Managing director: This management 
level is represented with 90 mentions, 
corresponding to 5.5% of responses. 

▪ Lecturer: Teaching and research staff is 
also a relevant group with 88 responses 
or 5.4%. 

▪ IT specialist: People from the IT sector 
accounted for 85 responses, which cor-
responds to 5.2% of participants. 
In addition, there were 104 participants 
(6.3%) who did not specify their profes-
sional position. 
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Figure 9 Occupational positions of the participants in 

the AIComp study. 

 
In addition to these defined categories, 277 re-
sponses (16.8%) were recorded under “Other 
professional position (less than 5%)” and 294 
responses (17.9%) under “Other professional 
position (free text)”. These categories cover a 
variety of professional roles that were not bro-
ken down in detail in the study but represent a 
significant spectrum of the professional land-
scape. 
Occupations from the technical sector: 92 peo-
ple from the engineering sector and 197 IT pro-
fessionals, to which 49 (3%) software develop-
ers can be added. 
Professions from the education sector: 225 
from the higher education sector (plus 15 who 
stated “professor” in the free text), 165 (plus 22) 
from other educational professions, particu-
larly from continuing vocational training.  
In addition, there is a group of 30 people with 
social work professions who were most likely 
reached as participants via the DHBW faculty. 
The wide spread of professional positions in the 
sample shows that AI is a topic that is of interest 
across all hierarchical levels and subject areas. 
In particular, the strong representation of man-
agers and specialists in the sample could indi-
cate an increased awareness and active en-
gagement with AI technologies in these profes-
sional segments. These findings are important 
to understand how AI is perceived and used at 
different levels of the professional hierarchy 
and to develop targeted strategies for the fur-
ther training and implementation of AI in com-
panies. 
Barely represented in this random sample are 
liberal professions, creative professions, 
healthcare professions, teachers, and blue-col-
lar professions. 

6.1.5 Fields of activity of the partici-

pants 

The AIComp study also asked about the partic-
ipants' fields of activity across all professions 
and thus offers important insights into the 
world of work in the context of the AI transfor-
mation. The predominance of activities that 
can be classified as knowledge work or man-
agement is clear in this sample: The areas of 
higher education and science, IT and mathe-
matics as well as the education, training, and li-
brary complex are particularly strongly repre-
sented - i.e. precisely those fields that will be 
captured and significantly influenced by AI de-
velopment at an early stage. The following pic-
ture emerges in detail (Figure 9): 
▪ Universities and science: With 225 mentions 

(13.7%), the academic sector proves to be 
strongly involved in the use and develop-
ment of AI. At the same time, this group is 
also central to research into new AI technol-
ogies and contributes to the development of 
theories and the scientific understanding of 
AI. 

▪ IT and mathematics: 197 mentions (12.0%) 
in this area underline the importance of ex-
pertise in information technology and math-
ematics for AI development. These special-
ists are often directly involved in the devel-
opment of algorithms and the implementa-
tion of AI systems. 

▪ Education, training, and library: 165 men-
tions (10.0%) in this field make it clear that 
the training of specialists and the transfer of 
knowledge about AI play a key role. This sec-
tor is crucial for training the next generation 
of AI experts. 

▪ Office and administration: With 158 men-
tions (9.6%), the potential for the use of AI 
to increase efficiency and automate routine 
tasks is also evident in administrative activi-
ties. 

▪ Management & consulting as well as busi-
ness operations and finance: Both areas, 
with 109 mentions each (6.6%), indicate 
that managers and financial experts are in-
creasingly using AI to make strategic deci-
sions and optimize financial processes. 

▪ Architecture and engineering: 96 mentions 
(5.8%) in this technical field show that AI 
also plays a role in planning and construction 
to solve complex problems and develop in-
novative solutions. 



 

 
 

44 

Together, these seven areas of activity account 
for around 64% of all responses. Including re-
lated activities, which in themselves account 
for less than 5% or were additionally mentioned 
in the free text, they even represent three-quar-
ters of all explicit mentions. 
 

 
Figure 10 Fields of activity of the participants in the 

AIComp study 

This can be summarized in three major areas of 
activity for which the data from the study can 
be used to conclude the status of AI transfor-
mation among employees: 

▪ Around 24% of mentions fell into the 
field of education, with higher educa-
tion and science as the dominant sub-
category. 

▪ Around 23.5% of participants work in 
the field of technology, particularly in 
IT and engineering. 

▪ 23.5% of responses provided more de-
tailed information about the field of or-
ganization. Management, administra-
tion, and finance are most strongly rep-
resented. 

The study reveals that the areas of activity 
mentioned - education, technology, and organ-
ization - are central sectors of knowledge work 
that are most influenced by AI technologies. 
These areas are crucial both for the current un-
derstanding of AI applications and for the iden-
tification of trends and future developments. It 
is expected that these fields of activity will un-
dergo significant change in the coming years, 
driven by the ongoing AI transformation. 

 
 
 
7 Exact figures on the more than 9000 dual organ-

izations of the DHBW are not yet available. Our ran-
dom sample provides an initial insightful look, but is 
not representative. 

6.1.7 Characteristics of employees 

from dual partner organizations of the 

DHBW 

A special focus of this study is on the “dual part-
ners” of the DHBW. There are around 9,000 
companies and social institutions throughout 
Germany that select their students themselves 
and send them to one of the DHBW university 
locations in Baden-Wuerttemberg for a dual 
course of study.  
This group is particularly important for this 
study not only because of its relevance for the 
DHBW but also because these companies and 
organizations reflect the diversity of the Baden-
Wuerttemberg and German economy - from 
small companies with 10 employees to me-
dium-sized companies, large medium-sized 
companies and large international corporations 
such as SAP and Bosch with well over 100,000 
employees. 7  What distinguishes this group 
from the other participants in the study?  
 
Age distribution (employees with dual part-
ners): What are the special features of the age 
distribution of the participants from the “dual 
partner” organizations of the DHBW (Baden-
Wuerttemberg Cooperative State University) 
compared to the total of all participants? Figure 
10 shows the respective numbers by age group: 
 

 
Figure 11 Comparison of age distribution among em-

ployees of dual partner organizations of the DHBW 

 
Of a total of 1,644 participants, 839 came from 
dual partner organizations, i.e. just over half 
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(51%). Here is a detailed interpretation by age 
group: 
▪ Under 18 years of age: There is one person 

under the age of 18 in both the overall group 
and the dual partners, which indicates that 
very young participants tend to be the ex-
ception in this context. 

▪ 18-29 years: There are a total of 334 partici-
pants in this age group, 225 of whom (67.4% 
of the age group) come from dual partner 
organizations. This shows that this age 
group is strongly represented in dual partner 
organizations, which could indicate a trend 
towards the recruitment of young adults or 
the integration of students into the profes-
sional world. 

▪ 30-39 years: Of the 383 participants in this 
age group, 212 (55.3%) come from dual part-
ner organizations. Here too, participation is 
significant, which indicates that people in 
this phase of life are actively involved in dual 
training. 

▪ 40-49 years: Of the 352 participants in this 
age group, 150 (42.6%) are dual partners. 
The proportion falls in comparison to the 
younger age groups, which could indicate 
that this age group is less involved in dual 
training. 

▪ 50-59 years: There are a total of 390 partici-
pants in this age group, of which 176 (45.1%) 
come from dual partner organizations. The 
proportion of participation is like that of the 
40-49 age group. 

▪ 60+ years: Of the 106 participants in the old-
est age group surveyed, 46 (43.4%) are asso-
ciated with dual partners. This could indi-
cate a certain presence of older employees 
in further training measures or the involve-
ment of experienced professionals. 

▪ Not specified: 29 of the 78 participants who 
did not specify their age come from dual 
partner organizations. This corresponds to 
37.2% of the group without age information. 

 
In summary, the age distribution of the dual 
partners is comparatively younger, with the 
strongest representation in the 18-29 age 
group. This could indicate a strong participation 
of students or young employees in dual training 
programs. The proportion of participants from 
dual partner organizations tends to decrease 
with increasing age. 

 
Gender ratio among employees of dual part-
ner organizations: Figure 11 shows the gender 
distribution of respondents from DHBW “dual 
partner” companies and organizations com-
pared to all respondents. 
 

 
Figure 12 Comparison of the gender ratio among em-

ployees of dual partner organizations of the DHBW 
 
Of a total of 1,644 respondents, 839 people 
(51.0%) came from dual partner organizations. 
 
▪ Of the male respondents in total (704), 497 

are employed by dual partners, correspond-
ing to 59.2%. This means that the propor-
tion of men is 9.3 percentage points higher 
than in the other organizations.  

▪ The proportion of female respondents is 
correspondingly lower. Of 884 respondents 
who identify as female, 319 (38.0%) are em-
ployed by dual partners.  

▪ From the “diverse” category (9 people in to-
tal), 3 (0.2% of the total) come from dual 
partner organizations. 

▪ 47 people did not specify a gender. Of these, 
20 people (1.2%) are employed by dual part-
ners. 

▪ The significantly lower proportion of female 
respondents at dual partner organizations 
could indicate specific sectors or occupa-
tional fields with a higher proportion of men, 
which are in any case particularly strongly 
represented among the employees who 
took part in our survey.  
 

Organization size (employees of dual partner 
organizations):  
▪ Figure 12 shows the distribution of respond-

ents who are employed by dual partners of 
the DHBW according to the three categories 
of company size. Of the total of 1644 partic-
ipants 
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▪ 15% (246 respondents) come from compa-
nies with more than 5000 employees, 

▪ 50% (819 respondents) from large “Mittel-
stand” companies with 250 to 4999 employ-
ees, 

▪ 30% (492 respondents) from micro-enter-
prises and small and medium-sized SMEs 
with up to 249 employees. 

▪ 5% (87 respondents) did not specify the 
company size. 

This means that almost exactly half of the par-
ticipants come from larger SMEs. Small compa-
nies are represented by almost a third of re-
spondents. Large companies with more than 
5000 employees are the least well-represented. 
 

 
Figure 13 Organization sizes: Comparison of employ-

ees at dual partner organizations 
 

 
 
 
Professional positions (employees of dual part-
ner organizations):  
 
Among all participants in the study who come 
from dual partner companies and organizations 
of the DHBW (839 people), the proportion of 
managers is strikingly high at 39.8% (334 of 839 
people) - that is two-fifths (Figure 13). Among 
participants from other companies and organi-
zations, the figure is 31.8% (239 of 752 people). 
This may be because an above-average number 
of managers were reached when the question-
naire was sent out and distributed via the 
DHBW channels.  
In any case, it is important to keep in mind that 
a larger proportion of these people are involved 
in decisions in their organizations that also af-
fect AI applications. Nevertheless, with three-

 
 
 
8 See the microcensus figures published online by 

the State Statistical Office (Statistisches Landesamt 
Baden-Wuerttemberg 2021). 

fifths of employees at dual partners, there are 
enough people without a managerial position 
to also capture their perspective on AI skills and 
use. 
 
 

 
Figure 14 Proportion of managers among respond-

ents who are employed in dual partner organizations 
 

 

6.1.8 Representativeness of the sam-

ple 

The random sample of the AIComp study on AI 
skills shows a remarkable congruence with the 
demographic characteristics of employees in 
Baden-Wuerttemberg. 8  Although the sample 
cannot be regarded as representative in the 
classical statistical sense, it largely reflects the 
gender proportion and, to a large extent, the 
age structure. This makes the AI-related results 
of the AIComp survey meaningful for the work-
ing population in Baden-Wuerttemberg as a 
whole, at least in these respects. 
In other respects, one must differentiate pre-
cisely if one wishes to derive more far-reaching 
statements from the study. For example, occu-
pations and activities in the fields of technol-
ogy, organization, and education/training are 
over-represented in relation to the overall 
economy of Baden-Wuerttemberg. This distor-
tion certainly has to do with the accessibility of 
different target groups through the DHBW 
study, but it could also be related to the fact 
that the willingness of individuals to participate 
in an AI study also reflects the asynchronicity of 
AI development in specific sectors and profes-
sions.  
DHBW subject areas such as social work and 
health/nursing may be under-represented in 
the sample, as well as other socio-statistical 
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groups that may have a lower affinity for AI 
technologies. It can be assumed that the results 
primarily reflect the AI-related competences of 
those occupational fields that have already en-
tered an early phase of AI transformation. 
The results of the AIComp study thus offer val-
uable insights into the spread of AI skills within 
certain occupational groups in Baden-
Wuerttemberg, about which nothing was previ-
ously known, at an important point in the devel-
opment: In June/July 2023, the first effects of 
the major new wave of generative AI had just 
reached companies, but it was still too early for 
corresponding changes within organizations. 
There is, therefore, a need for further research 
in two respects: extrapolating the results to the 
entire working population is only possible with 
reservations due to the distortions mentioned 
above. At the same time, the object is a “mov-
ing target” in the highly dynamic transfor-
mation process: experiences, perceptions of 
one's sovereignty, and assessments of the fu-
ture significance of the fields of competence 
will change constantly. The AI-Comp study of-
fers a solid starting point for targeted further 
research to gain a comprehensive picture of AI 
skills development across the entire working 
population. 

6.2 Use of artificial intelligence  

Our random sample shows that the level of AI 
usage among participants in the study was al-
ready surprisingly high in June 2023. A total of 
1397 participants (85%) use AI applications, and 
247 participants (15%) do not use them. In the 
following sections, the degree of use, measured 
using the AI activity index, is examined for the 
most important subgroups. 

6.2.1 AI usage by age group 

 
Figure 14 presents a comparison of data on the 
use of AI applications broken down by age 
group: 
 

 
Figure 15 Users and non-users of AI by age group 

 
The detailed breakdown by age group shows 
the following trends: 

▪ In the 18 to 29 age group, 303 out of 334 
people use AI applications. Only 31 peo-
ple (approx. 9.3%) do not yet use any AI 
applications. (The only participant from 
the youngest age group under 18 is also 
a user). 

▪ Among 30 to 39-year-olds, 335 out of 
383 respondents use AI applications. 
The rate of non-users is around 12.5%. 

▪ The 40 to 49 age group shows a slight 
increase in the proportion of non-users 
(approx. 16.5%): 294 out of 352 re-
spondents use AI applications here, and 
58 do not use them. 

▪ In the 50 to 59 age group, the rate of 
non-users is higher again (17.9%): 320 
out of 390 respondents use AI applica-
tions, and 70 respondents do not use 
them.  

▪ The non-use rate is highest among the 
over-60s at 21.7%: 83 out of 106 use AI 
applications, 23 do not use them. 

▪ 78 respondents did not specify their 
age. Of these, 61 use AI applications 
and 17 do not. 

▪ The data shows a correlation between 
increasing age and the rate of non-use 
of AI applications. In the oldest age 
group, there are more than twice as 
many participants as in the youngest 
age group who do not use AI applica-
tions at all. 

6.2.2 AI usage by gender 

 
Of the 1644 respondents in the study, 704 iden-
tified themselves as female, 884 as male, and 9 
as diverse. 47 people did not specify their gen-
der. The following chart (Figure 15) shows the 
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percentage of users and non-users of AI appli-
cations by gender.  

 

 
Figure 16 Users and non-users of AI by gender (all re-

spondents) 

 
▪ Of the 704 female participants, 574 are users 

and 130 are non-users. This means that 
around 18.5% of female participants state 
that they do not use AI applications. 

▪ Of the 884 male participants, 780 use AI ap-
plications, and 104 do not, resulting in a non-
user share of around 11.8%. 

▪ Of the 9 participants who identify as diverse, 
6 are users and 3 are non-users (33.3%). 

▪ Among the participants who did not specify 
their gender, 37 are users and 10 are non-us-
ers. 

The proportion of non-users among female par-
ticipants is almost 7% higher than among male 
participants. It is not possible to say to what ex-
tent this is due to a different degree of ac-
ceptance and to what extent it is due to the con-
ditions in the workplace.  
(The absolute number of diverse participants is 
so small that the exact quotas are not statisti-
cally meaningful. The total number and the pro-
portion of those who did not specify their gen-
der is also so low that it has hardly any influence 
on the overall assessment).  

6.2.3 AI usage by organization size 

 
The data visualized in Figure 16 provides infor-
mation on the use or non-use of AI applications 
in relation to the size of the organizations in 
which the respondents work.  
 

 
Figure 17 Users and non-users of AI by organization 

size (N=1644) 
 
If the category “small and medium-sized enter-
prises” (SMEs) is further differentiated, the fol-
lowing picture emerges: 
▪ In organizations with up to 9 employees, 33 

respondents use AI applications, while 5 
stated that they do not use AI applications. 
This corresponds to a non-user rate of ap-
prox. 15.2%. 

▪ In organizations with 10 to 49 employees, 80 
out of 104 respondents use AI applications. 
20 respondents from this size category do 
not use AI applications, which corresponds 
to a rate of around 19.2%. 

▪ In the category of 50 to 249 employees, 285 
out of 355 respondents are users of AI, while 
60 are non-users. This results in a non-user 
rate of approx. 16.9%. 

▪ In larger organizations with 250 to 4999 em-
ployees, 679 out of 819 respondents use AI 
applications and 119 stated that they do not 
use AI applications. This is a non-user rate of 
approx. 14.5%. 

▪ Among the very large organizations with 
5000+ employees, 223 out of 246 respond-
ents use AI applications, and 17 are non-us-
ers. This corresponds to a non-user rate of 
around 6.9%. 

▪ 87 respondents did not specify the size of 
their organization. Of these, 59 use AI appli-
cations and 26 do not, which corresponds to 
a non-user rate of approx. 29.9%. 

 
Especially in very large organizations with over 
5000 employees, the proportion of non-users is 
significantly lower compared to smaller organi-
zations. This could indicate a better availability 
of resources, a higher likelihood of implement-
ing AI technologies, or a stronger promotion of 
digital transformation in larger organizations. 



 

 
 

49 

6.2.4 AI use by group: Dual partners, 

managers, and university lecturers 

 
The available data provides information on the 
use of artificial intelligence (AI) by various tar-
get groups.  
 

 
Figure 18 Ratio of AI users to AI non-users at dual 

partner organizations 

 
Dual partner organizations: Figure 18 provides 
a closer look at the 839 employees at “dual part-
ners” of the DHBW. Of these, 722 people 
(86.1%) already use AI, while only 117 people 
(13.9%) state that they do not use AI. This is 
slightly higher than the usage rate among the 
752 participants from other organizations - here 
there are 635 (84.4%) users and 117 (15.6%) 
non-users. 
 

 
Figure 19 Use of AI by employees of dual partner or-

ganizations of the DHBW 
 
Use of AI by teachers (Figure 19): 
▪ University lecturers: Of 81 university lectur-

ers surveyed, 71 (87.7%) use AI. Only ten 
people (12.3%) do not use it. 

▪ If lecturers are considered together with all 
academic employees in universities and re-
search organizations, the highest usage rate 
of all subgroups is obtained: Here, 102 out of 
112 (91.1%) people use AI applications, and 
only ten people (8.9%) do not use them. 

(The non-users in this group are therefore all 
teachers). 

▪ Non-teachers: Of the total of 1,532 partici-
pants who do not teach, 1,295 (84.5%) use 
AI applications, 237 (15.5%) do not. 

 

 
Figure 20 Use of AI by university lecturers in relation 

to all participants who do not teach 
 
Use of AI by managers (Figure 20): 
▪ Management: Von 589 Managers use 512 

(86.9%) AI, while 77 (13%) do not use AI. 
▪ Other roles: Of the remaining 1,055 partici-

pants, 885 (83.9%) use AI, and 170 (16%) do 
not use it. 

 

 
Figure 21 Use of AI by managers 

 
The data shows that AI already has a high pen-
etration rate among the employees of the 
DHBW's dual partners, with a high usage rate of 
86.1% (Figure 18). Companies and organiza-
tions that work closely with the DHBW may 
have a stronger affinity for modern technolo-
gies such as AI and/or are better equipped to 
use these technologies due to their cooperation 
with the DHBW. 
Interestingly, employees from universities and 
research institutions have the highest AI usage 
rate among the subgroups (91.1%). When look-
ing at university lecturers alone, the figure is 
still 87.7%. It appears that the awareness and 
willingness to use AI among employees here is 
particularly fast ahead of AI integration by the 
institutions. Managers also show a high usage 
rate of AI at 86.9% - an indication that manag-
ers and decision-makers have also recognized 
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the importance of AI as a tool and as a technol-
ogy to a particularly high degree. 
In summary, it can be said that AI usage across 
all different groups was already surprisingly 
high in the summer of 2023: an indication of the 
disruptive dynamics of the development. 

6.2.5 Type, degree, and frequency of AI 

use 

 
Some further questions were asked about de-
tails of AI use: To what extent has the AI trans-
formation already arrived in the respondents' 
professional lives? And if AI applications are al-
ready being used - in what way and with what 
degree of intensity is this happening, profes-
sionally and/or privately? 
 
Type of AI use: Our data also shows how the 
1644 participants in the study use artificial intel-
ligence (AI) (see Figure 21). In the questions, we 
differentiated between passive use, active use, 
co-creation, and no use. Passive Use:  
▪ 736 participants, which corresponds to 

44.8% of the total sample, use AI applica-
tions passively. This could mean that these 
people use AI systems without being directly 
involved in their development or manage-
ment. Examples of this could be the use of 
AI-based recommendation systems or per-
sonal digital assistants. 

▪ Active use: 482 participants or 29.3% of the 
sample are active users of AI. This group 
could include people who not only use AI ap-
plications but are also involved in configur-
ing or operating them. This could include de-
velopers, data analysts, or tech-savvy users 
who use AI tools for specific tasks. 

▪ Co-design: 185 participants, corresponding 
to 11.3% of respondents, are involved in the 
co-design of AI. These could be, for exam-
ple, experts who work on the development 
of AI models or users who actively provide 
feedback that is used to improve AI systems. 

▪ No use: 241 people, or 14.7% of the total 
number of respondents, do not use AI appli-
cations. This could be due to a variety of fac-
tors, such as a lack of interest, lack of 
knowledge about AI, barriers to entry, or a 
conscious decision to avoid AI. 
 

Most participants already use AI in some form, 
with passive use of predefined tools being the 
most common. AI applications now appear to 
be widespread and integrated into many every-
day technologies. High scores for active use and 
co-creation, on the other hand, indicate that a 
significant proportion of respondents are al-
ready technically adept and may work in areas 
directly related to AI. The relatively high num-
ber of people who do not use AI should be the 
subject of further research to better understand 
the exact reasons and link them to suitable ed-
ucational or awareness-raising measures. 
 

 
Figure 22 Type of use of AI by different target groups 

* Question: How would you rate your use of AI applications? 
Four answer options, e.g. Active use: I understand the basic 
functioning of AI systems and actively use them in my eve-
ryday work. 

 
AI usage by organizational size: The chart be-
low (Figure 22) shows the type of Artificial Intel-
ligence (AI) usage broken down by organization 
size. The data represents the responses of 1644 
respondents, divided into three categories of 
organizations: Large companies and organiza-
tions (246 respondents), larger “mid-sized” 
companies and organizations (819 respond-
ents), and small and medium-sized enterprises 
(SMEs) and organizations (429 respondents). 
The types of use are categorized as passive use, 
active use, co-creation, and no use. 
▪ Several insights can be gleaned from the 

chart: Passive use: The proportion of pas-
sive use is 42.33% for large companies, 
46.0% for larger “medium-sized” organiza-
tions, and 45.1% for small companies. This 
shows that passive use is slightly more com-
mon in smaller companies than in large 
companies. 

▪ Active use: There is an opposing trend here. 
In large companies, the proportion of active 
use is 31.3%, in larger “medium-sized” or-
ganizations 29.4% and in small companies 
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29.4%. Active use is therefore more preva-
lent in large companies. 

▪ Co-design: Participation in the co-design of 
AI is highest in large companies at 18.3%, 
followed by larger “Mittelstand” organiza-
tions at 10.3% and small companies at 9.6%. 
This suggests that large companies may 
have more resources and skills to actively 
participate in the development of AI. 

▪ No use: The proportion of respondents who 
do not use AI is lowest in large companies at 
8.1%. In larger “Mittelstand” organizations, 
this proportion is 14.3%, and in SMEs 15.9%. 
This could indicate that AI is already further 
integrated into processes in large compa-
nies, while there is still potential for develop-
ment in small companies. 

Overall, we saw AI use in larger organizations 
tends more toward active participation and co-
creation, which suggests a deeper integration 
of AI into company processes. In smaller com-
panies, on the other hand, AI does not yet ap-
pear to be used as extensively, which is re-
flected in higher proportions of passive use and 
non-use. The results could be relevant for deci-
sion-makers in companies as well as for politics 
and educational institutions to develop tar-
geted measures to promote AI competence 
and adoption in different company sizes. 
 

 
Figure 23 AI usage type by organization size 

*Question: How would you rate your use of AI applications? 
Four answer options, e.g. Active use: I understand the basic 
functioning of AI systems and use them actively in my daily 
work. 
 
 

▪ Frequency of AI use: In the graphical repre-
sentation of the frequency of AI use by or-
ganization size (Figure 23), the respondents 
are classified according to the frequency of 
AI use. The organizations of the 1644 re-
spondents were divided into three catego-
ries: Large companies (5000 employees/MA 
or more), large medium-sized companies 

(250 - 4999 MA), and small and medium-
sized enterprises (SMEs, up to 249 MA). 

▪  

 
Figure 24 AI usage frequency by organization size 

* Question: How often do you use AI applications? Choice: a 
few times already; regularly: about once a week; very often: 
several times a week or more; not at all so far. 

 
The overall sample (n=1644) shows the follow-
ing frequencies of use: 
▪ 24.3% of respondents use AI very fre-

quently, 
▪ 22.3% use AI regularly, 
▪ 38.4% have only used AI a few times, 
▪ 14.8% have not yet used AI. 
 
The following picture emerges according to or-
ganizational size: 
For large companies (n=246): 
▪ A substantial 35.4% of respondents report 

very frequent use, 
▪ 23.2% state that they use AI regularly, 
▪ 34.6% have used AI a few times, 
▪ a marginal proportion of 6.9% have not used 

AI to date. 
 
In medium-sized companies (n=819): 
▪ 22% of respondents use AI very frequently, 
▪ 24.3% regularly, 
▪ 39.2% a few times, 
▪ 14.4% have not yet used AI. 
 
In small companies (n=492): 
▪ 22.4% use AI very frequently, 
▪ 19.3% regularly, 
▪ 41.1% a few times, 
▪ 17.1% have not yet used AI. 
 
The data shows that the frequency of use of AI 
is generally higher in larger organizations. In 
large companies, the proportion of respond-
ents stating that they use AI very frequently is 
higher compared to smaller companies. This 
could be due to more extensive resources and a 
greater capacity to integrate new technologies 
in large companies. 
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Figure 25 Frequency of AI use among different target 

groups 
* Question: How often do you use AI applications? Choice: a 
few times already; regularly: about once a week; very often: 
several times a week or more; not at all so far. 

 
Looking at all respondents (n=1644), 14.8% use 
AI very frequently, while 38.4% use AI regularly. 
A proportion of 22.3% have already used AI a 
few times, and 24.3% of respondents have not 
yet had any experience with AI. 
Among the dual partners (n=839), regular use is 
slightly higher than the average for all respond-
ents at 41.7%, and very frequent use is 13.8%. 
This could indicate a more intensive integration 
of AI in the practice of this group. 
Managers (n=589) show similar tendencies to 
the dual partners with a regular use of 38% and 
a very frequent use of 13.1%. This suggests that 
managers are active in the use of AI technolo-
gies, which is to be expected given their respon-
sibility for the introduction and management of 
such technologies within organizations. 
In contrast, people without a leadership role 
(n=1055) use AI slightly less regularly (38.6%) 
and less frequently (15.8%). This may indicate 
that AI is less integrated into their daily tasks or 
that they have less direct access to such tech-
nologies. 
The higher proportion of very frequent use of AI 
among university lecturers (n=81) is striking, at 
11.1%. In addition, the proportion of those who 
use AI regularly is the highest compared to the 
other groups at 44.4%. This could reflect the 
strong integration of AI in research and teach-
ing at universities. 
Overall, the data shows a clear tendency: the 
more responsibility and commitment a group 
has in relation to their professional role, the 
higher the frequency of use of AI appears to be. 
University lecturers and managers, especially, 
are more active users of AI. A more active 
approach to AI technologies can be observed 
among university lecturers and managers in 
particular, which suggests a greater affinity for 
new technologies in these professional groups. 
These findings could be important for the 
development of target group-specific 

education and training programs in the field of 
AI. 
 
Context of use: An overall view of all respond-
ents (n=1644) shows that the majority use AI in 
both their professional and private lives, with a 
share of 68.6% (see Figure 25). Purely profes-
sional use is also strongly represented at 65.2%. 
The exclusively private use of AI is lower at 
19.2%, and a combination of professional and 
private use is remarkably high at 49.5%. These 
figures indicate that AI plays a role in many as-
pects of daily life and that the penetration of AI 
technologies in the private sector is considera-
ble. 
 

 
Figure 26 Comparison of AI usage context for differ-

ent target groups 
*Question: Do you use AI applications in your professional 
and/or private life? (Multiple answers possible.) Answer op-
tions: in the professional field; in the private field; neither. 

 
The target groups show that managers use AI 
more frequently in a professional context 
(76.5%), which reflects their role in the intro-
duction and management of AI in companies. In 
contrast, the use of AI in the private sphere is 
higher among university lecturers (68.8%), 
which could indicate the application of AI in re-
search and teaching. 
Figure 26 shows a breakdown of the use of AI 
applications among 1644 respondents, divided 
into two groups: Dual partner respondents (839 
respondents) and other respondents (805 re-
spondents). Of the total number of respond-
ents (N=1644): 
▪ 65.2% (1072 people) use AI applications at 

work. This proportion is slightly lower 
among respondents with dual partners 
(62.9%), while it is higher among other re-
spondents (68.5%). 

▪ 68.6% (1128 people) use AI applications in 
the private sphere. Here too, the proportion 
is higher among respondents with dual part-
ners (70.9%) than among other respondents 
(66.5%). 
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▪ 19.2% (315 people) use AI applications exclu-
sively in their private lives, with a higher pro-
portion of respondents with dual partners 
(21.9%) compared to other respondents 
(15.8%). 

▪ 15.8% (259 people) use AI applications ex-
clusively for work. The proportion of other 
respondents (17.8%) is higher than that of 
respondents with dual partners (13.9%). 

▪ 15.5% (254 people) do not use AI applica-
tions either professionally or privately, alt-
hough the proportions are similar in both 
groups (dual partners: 14.9%, other re-
spondents: 15.6%). 

▪ Almost half of the total, 49.5% (813 people), 
use AI in both their professional and private 
lives. The proportions are very similar in 
both groups (dual partners: 49.0%, other re-
spondents: 50.7%). 

▪ A very small number, 0.2% (3 people), stated 
that they did not use AI applications either 
professionally or privately or did not specify. 

In summary, it can be stated that most re-
spondents use AI applications, whether in a 
professional or private context, with a signifi-
cant number also stating that they use AI in 
both areas. The proportion of those who use AI 
applications exclusively in their private lives is 
higher among respondents with dual partners, 
while the proportion of those who use AI appli-
cations exclusively for work is higher among the 
other respondents. The group of non-users of 
AI applications is small overall. These results 
show the increasing penetration of AI technol-
ogies in various areas of daily life. 
 

 
Figure 27 AI usage context among employees of dual 

partner organizations of the DHBW in comparison 
*Question: Do you use AI applications in your professional 
and/or private life? (Multiple answers possible.) Answer op-
tions: in the professional area; in the private area; neither. 

 
Interestingly, the age groups show different us-
age patterns (see Figure 27). While the combi-
nation of professional and private use of AI is 

highest among 18- to 29-year-olds at 70.5%, 
this combined use decreases in the older age 
groups. Among the over-50s, the exclusively 
professional use rises to 72.2%, which indicates 
that older employees mainly use AI in a profes-
sional environment. 
 

 
Figure 28 AI usage context by age group 

*Question: Do you use AI applications in your professional 
and/or private life? (Multiple answers possible.) Answer op-
tions: in the professional field; in the private field; neither.  

 
Looking at the size of the organization, the pro-
fessional use of AI is highest in large companies 
(71.5%), while in small companies (up to 249 
employees) the purely private use of AI is most 
prevalent at 19.5% (see Fig. 28). This suggests 
that larger organizations may be quicker to 
adapt and integrate AI technologies into their 
processes than smaller companies. 
 

 
Figure 29 AI usage by organization size 

 
In conclusion, the use of AI is widespread across 
all areas, with significant differences in use de-
pending on gender, age and organizational 
size. These findings could be relevant for future 
strategies for integrating AI into professional 
and educational contexts, particularly regard-
ing targeted training and further education pro-
grams. 

6.3 Concept and empirics of the 

AI activity index 
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The development of the AI Activity Index (AIX) 
represents an innovative approach to evaluat-
ing the use of and commitment to artificial in-
telligence (AI). This scientific introduction out-
lines the methodological framework and the 
statistical derivation that led to the creation of 
the AIX and examines its application in a com-
prehensive study. 
The basis of the AI activity index is the combi-
nation of two central variables: the intensity of 
use and the type of use of AI. The intensity of 
use is measured by the frequency of AI use, op-
erationalized by the possible answers “a few 
times”, “regularly about once a week” or “sev-
eral times a week or more”. The type of use dis-
tinguishes between passive, active, and forma-
tive use of AI technologies.  
By scoring both variables (see 6.3.1), six levels 
of AI engagement are created, ranging from 
non-use to high-intensity use and formative 
use: 
 

 
Figure 30 Construction of the AI activity index (AIX) 

from data on usage intensity and usage type 

 
The six levels were then summarized into three 
AIX levels of activity according to the following 
matrix (see Figure 30). (The fourth level is the 
non-users). 
 

 
Figure 31 Construction of the AI activity index (AIX): 

matrix and division into levels 
 
The application of the AIX enables a differenti-
ated analysis of AI usage in different sub-sam-

ples and subgroups. This reveals relevant differ-
ences in the use of AI according to gender, age, 
organizational size, and professional back-
ground, which are explained in more detail be-
low. The differentiated recording of the inten-
sity and type of use illustrates the spectrum 
that exists in terms of commitment and atti-
tude toward AI technologies. The introduction 
of the AI activity index thus proves to be a valu-
able tool for assessing and understanding AI us-
age in all subgroups. Such findings are not only 
important for scientific research but also for de-
cision-makers in companies, organizations, and 
educational institutions who want to develop 
the AI skills of their employees in a targeted 
manner. 

6.3.1 Statistical construction of the AI 

activity index 

 
In the following, we explain in detail how the AI 
Activity Index (AIX) was statistically con-
structed. The formation of the composite index 
value is based on answers to two key questions: 
the frequency of AI use (Q1) and the type of AI 
use (Q3). Based on the responses, scores were 
awarded for the answers to the two questions: 
▪ There were three possible answers for the 

type of use (Q1), which were rated as fol-
lows: “passive” (1 point), “active” (2 points), 
“co-creation” (3 points). 

▪ There were also three levels for the fre-
quency of use (Q3): “a few times” (1 point), 
“regularly” (2 points), and “very often” (3 
points). 
 

Non-users were given a score of 0. Six possible 
levels of AI activity were created by adding the 
scores from these two questions. To improve 
the informative value, these levels were further 
summarized. This resulted in a four-level classi-
fication (Figure 30 and Figure 31): high AIX 
(5+6), medium AIX (3+4), low AIX (2) and no ac-
tivity (0). 
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Figure 32 Distribution of the AI activity index (all re-

spondents) 

 
This index was then used to analyze AI activity 
in different demographic and organizational 
groups. Significant differences and trends 
emerged within the groups surveyed, for exam-
ple across characteristics such as gender, age, 
and company size, but also concerning sub-
groups such as managers and employees with-
out a management function or researchers and 
teachers.  
Figure 31 shows how the overall sample is dis-
tributed across the groups: 
▪ AI activity index high: This group comprises 

355 respondents, which corresponds to 
21.6% of the total sample (N=1644). People 
in this category use AI intensively and are 
likely to have a high level of competence in 
AI technologies and applications. 

▪ AI activity index medium: 549 people are 
categorized here, representing 33.4% of the 
total number of respondents. This group 
uses AI to a medium extent, which could in-
dicate a moderate familiarity and integra-
tion of AI in their areas of activity. 

▪ AI activity index low: With 450 people, cor-
responding to 27.4% of the total, this cate-
gory indicates that AI is either only used to a 
very limited extent or its use is not fully inte-
grated into processes. 

▪ Non-users: This group consists of 247 re-
spondents, which makes up 15.0% of the to-
tal sample. These people do not use AI at all, 
which could be attributed to a variety of fac-
tors, such as a lack of resources, skills, or a 
lack of necessity in the context of their work. 

▪ Rest = users without an AI activity index: 43 
people, or 2.6% of respondents, fall into a 
special category known as “rest”. This ap-
pears to include users who, according to an-
other question (Q3), use AI but have not 

been assigned an AI activity index due to an 
implausible combination of answers from 
question 1 and question 3. 

In summary, the distribution shows that a sig-
nificant proportion of respondents in the sam-
ple use AI to varying degrees, with a slight pre-
ponderance among those with a medium AI ac-
tivity index. However, a significant proportion 
of respondents do not use AI, indicating poten-
tial areas where AI skills and use could still be 
developed.  
The analysis of the study data enabled the de-
velopment of an AI Activity Index (AIX), which 
combines the intensity and type of use of artifi-
cial intelligence in a consolidated measure. This 
index was successfully applied to all partici-
pants in the study. The AIX proved to be a sig-
nificant predictor of the respondents' assess-
ments of competence and showed a signifi-
cantly higher explanatory power for these as-
sessments than traditional demographic varia-
bles such as age and gender. 

6.3.2 AI activity index concerning rele-

vant groups 

 
The Artificial Intelligence Activity Index (AIX) 
can now be set in relation to all sub-samples 
and sub-groups. In Figure 32 and Figure 33, the 
AIX is broken down into different age and gen-
der categories: 
 

 
Figure 33 AI activity index by gender 
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AIX and gender: 
▪ It is noticeable that there is a higher ten-

dency towards a high KI activity index 
among men (28.3%) than among women 
(13.1%). 

▪ However, the proportion of men with a me-
dium AIX is slightly lower than that of 
women (minus 3.4 percentage points). 

▪ The percentage of non-users is again signif-
icantly higher for women (18.5%) than for 
men (11.8%). 

▪  

 
Figure 34 AI activity index by age group 

  

 
Concerning the AIX of age, the results are as fol-
lows: 
▪ The KI activity index is highest both at the 

top (24.8% here) and in the middle category 
among younger respondents up to the age 
of 29 (24.8%). 

▪ In the middle age categories (30-39 and 40-
49), the spread of AIX values is less pro-
nounced. The 40-49-year-olds have higher 
AIX values at the top than the 30-39-year-
olds, who are ahead in the middle range. 
This could be due to the management hier-
archies. 

▪ Among the over-50s, the percentage of peo-
ple with a high KI activity index drops to 
20%. The percentage of the group with a 
low AIX rises continuously across the age 
groups and is highest among older people, 
as is the percentage of non-users (18.8%). 

 
It turns out that younger individuals and men 
show an increased tendency to use and engage 
with artificial intelligence, an observation that 
is consistent with the general perception, given 
the youthfulness and technical specialization of 
this technology. Nevertheless, scientific dili-
gence demands that we refrain from premature 
generalizations. The reduced activity of older 
people in the field of AI can be attributed to a 

variety of causes, which are not exclusively due 
to a technology-related reluctance, but also to 
technological barriers, a lack of training oppor-
tunities, or divergent professional profiles. 
Figure 34 below shows the AIX among respond-
ents from different company sizes: Large com-
panies (n=246), larger “Mittelstand” organiza-
tions (n=819), and small companies (n=492). 
 
Respondents from large companies (over 5000 
employees): 
▪ 32.9% of respondents from large companies 

have the highest AIX value. This is the high-
est percentage of all subgroups - company 
size is therefore of particular importance 
here compared to other characteristics. 

▪ Accordingly, the non-user rate (6.9%) is also 
the lowest among respondents from large 
companies - an indication that large compa-
nies may have built up more resources and a 
stronger infrastructure for the use of AI. 
 

Respondents from larger “medium-sized” or-
ganizations (250 - 4999 employees): 

 
▪ Most respondents with a medium level of AI 

activity come from larger “medium-sized” 
organizations (36.4%).  

▪ There is also a significant number of non-us-
ers (14.5%), which may indicate a variance in 
the acceptance and implementation of AI in 
this category of organization. 
 

Respondents from “small and medium-sized 
enterprises” (SMEs) and micro-enterprises: 
 
▪ The proportion of non-users (17.3%) is high-

est among employees from small compa-
nies. Here, the “AI maturity level” is likely to 
have been inhibited by a lack of AI 
knowledge and limited resources, at least 
until the start of the big wave driven by 
“generative AI”. 

▪ However, this does not seem to apply to all 
small companies: The AIX score for high AI 
activity level is 20.5%, which is significantly 
lower than large companies, but compara-
ble to larger “Mittelstand” organizations. 

The empirical findings indicate that company 
size plays a significant role in the extent of AI 
use and the associated commitment. Large 
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companies in particular show an advanced inte-
gration of the systematic development of AI 
competences over the last decade. A positive 
correlation between company size and the AI 
activity index (AIX) values of employees can 
also be observed consecutively for larger SMEs 
as well as for smaller companies and organiza-
tions.  
 

 
Figure 35 AI activity index by organization size 

 
The dual partner organizations of the DHBW do 
not show any conspicuousness about the AI ac-
tivity index but are on average. What is striking, 
however, is the deviation when looking at the 
subgroup of managers: Here, the proportion of 
employees with a high AIX is a quarter (25.3%). 
For those without a managerial position, it is 
only a fifth (19.5%). (see Figure 35) 
 

 
Figure 36 AI activity index among employees of dual 

partner organizations and managers 

 
The following picture emerges concerning uni-
versity members. The study examined three 
groups of university members: University lec-
turers (n=81), university staff of all kinds 
(n=112), and non-teaching staff (n=1532). 
 
University lecturers (n=81): 
▪ University teachers show a higher rate of 

high AI activity index at 27.2% compared to 
non-teachers (20.8%). 

▪ At 25.9%, the percentage for the medium AI 
activity index is also lower than for non-
teaching staff, where it is 33.7%. 

 
 
University staff (all) (n=112): 
▪ University staff shows a strong overall com-

mitment to AI, with the highest percentage 
of high AI activity index (33.0%) among the 
three groups considered. 

▪ The average AI activity level is 29.5%, which 
indicates a balanced level of AI usage. 

▪ The lowest AI activity level and non-use are 
represented at 28.6% and 8.9% respec-
tively, suggesting that the majority of this 
group shows at least some level of engage-
ment with AI. 

 
Non-teachers (n=1532): 
▪ The non-teaching group shows a diverse pic-

ture with an even distribution across the dif-
ferent AI activity levels. 

▪ The highest AI activity level is reached by 
20.8%, while the mean AI activity index is 
33.7%, which is the highest value among the 
three groups. 

▪ The proportion of non-users is 15.5%. The 
value is higher compared to university em-
ployees and indicates that a significant pro-
portion of this group does not use AI. 
 

The results show that within the university 
community, university staff are the most active 
group concerning AI, followed by university lec-
turers (see Figure 36). This could indicate a 
greater involvement and use of AI-related re-
sources in research and teaching. Non-teaching 
staff, on the other hand, show a wider range of 
AI usage levels, which could be attributed to 
different roles and tasks within higher educa-
tion administration and services, where AI is 
used to varying degrees. 
 

 
Figure 37 AI activity index in universities and scien-

tific institutions 
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6.4 Attitudes of respondents to-

wards AI: AI in the opinion mir-

ror 

The available data from the survey of 1644 re-
spondents also provides information about at-
titudes and expectations regarding artificial in-
telligence (AI) in the work context and its po-
tential influence on personal areas of life. 

6.4.1 Assessment of AI among all re-

spondents 

 
The AIComp study is about the Future Skills of 
individuals, i.e. not just about their role as em-
ployees of companies or as professional repre-
sentatives (see Figure 37). Personal attitudes 
play an important role here. Five questions ad-
dressed the fundamental evaluations and as-
sessments of AI in the living environment. 
Three of these questions relate to the personal 
area of work, and two others to fundamental 
assessments of AI.  
 
Positive assessment of AI: 
▪ A majority (73%) of respondents rate the use 

of AI in their area of work positively. This in-
dicates a general acceptance and possibly a 
positive perception of efficiency increases 
and advantages of AI in the world of work. 

 
Influence of AI on work tasks: 
▪ The high level of agreement (87%) with the 

statement that AI will influence work tasks 
in the near future reflects an awareness of 
the rapid advancement of AI technologies 
and their impact on the labor market. 

 
AI in personal life: 
▪ Opinions are divided (38%) regarding the 

impact of AI on important decisions in per-
sonal life areas - a possible indication of the 
sensitivity of these areas and the mixed feel-
ings towards greater data dependency and 
higher levels of automation. 

 
AI and job loss: 
▪ A significant number of respondents (58%) 

agree with the statement that AI will lead to 

job losses in the future. The concern that au-
tomation could replace human labor is also 
and especially fueled by AI. 

 
The superiority of AI: 
▪ As many as 38 percent of respondents be-

lieve that AI will eventually be superior to 
human intelligence. This certainly reflects 
the impact of the debate on the long-term 
effects of AI, including the development of 
superintelligence and its ethical implica-
tions, which was particularly intense at the 
time of the survey in June and July 2023. 

 
The results of the survey of a diverse cross-sec-
tion of employees in Baden- Württemberg 
show the resonance of public discourse and cur-
rent theoretical considerations. In social sci-
ence research on technology adoption, ac-
ceptance and trust in technologies are regarded 
as central determinants (cf. Venkatesh et al. 
2003). The generally positive attitude evident in 
our survey corresponds to the assumptions of 
the Technology Acceptance Model (TAM). Res-
ervations regarding the loss of jobs are paral-
leled by the theories of economic disruption 
and Schumpeter's concept of creative destruc-
tion, which have become more influential dur-
ing digitalization. In addition, the perceived 
skepticism towards the influence of AI on indi-
vidual decisions could reflect the prevailing 
data protection concerns and demands for 
stronger regulation in Germany. Given the ma-
jor AI wave triggered by ChatGPT at the turn of 
2022/23, the media is currently intensively dis-
cussing the controversy as to whether general 
artificial intelligence or even artificial superin-
telligence could harbor uncontrollable risks for 
humanity. Overall, the survey results reflect a 
complex spectrum of hopes and fears that are 
essential for understanding the social dynamics 
of technology acceptance and offer important 
implications for shaping political and educa-
tional strategy decisions in the digital age.  
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Figure 38 Attitudes towards AI among all respond-

ents 

6.4.2 Attitudes towards AI among dif-

ferent target groups 

 
The available data reveals the attitudes of vari-
ous target groups, including dual partners, 
other respondents, managers, university staff, 
and employees from large, medium-sized, and 
small companies (see Figure 38). 
▪ What is striking is the positive assessment of 

the use of AI in the workplace, which is con-
sistently high across all groups, with 73% 
among all respondents and similar percent-
ages in the subgroups. Managers (78.4%) 
and university lecturers (78.6%) show the 
highest values, while respondents without a 
management function (69.4%) and from 
small companies (68.5%) show slightly 
lower, but still high approval rates. 

▪  The assumption that AI will influence work 
tasks in the near future is very strongly sup-
ported across all groups at over 85%. Even at 
this early stage, there seems to be a broad 
awareness of the imminent changes 
brought about by AI technologies. 

▪  The influence of AI on important personal 
decisions is viewed positively by 38% of re-
spondents overall, with only slight fluctua-
tions between the groups. Skepticism there-
fore predominates here. 

▪  Around 58% of respondents in almost all 
groups expect AI to lead to job losses in the 
future. This shows the uncertainty about the 
impact of AI automation on activities that 
still account for a large proportion of many 
occupational profiles. 

▪  The assumption that AI will be superior to 
human intelligence varies only slightly be-
tween the groups and is relatively consistent 
at around 38%. However, the majority re-
main skeptical of far-reaching technological 
prophecies. 

 
The first thing that catches the eye here is the 
commonalities: despite slight fluctuations in at-
titudes between the various subgroups, the 
data shows a surprisingly coherent perception 
of AI. It seems as if digitalization and the intro-
duction of AI technologies in organizations 
evoke a similar understanding and similar ex-
pectations among employees - relatively inde-
pendent of age, gender, company size, and pro-
fessional activity.  
Against the backdrop of existing knowledge on 
the penetration of digitalization in organiza-
tions, these results reflect a universal recogni-
tion of the importance of AI. The uniform views 
across company boundaries may indicate the 
general spread of AI-related discourse and the 
increasing presence of these technologies in 
daily working life. It turns out that regardless of 
the size or type of organization, AI is seen as a 
significant factor for future work design. This 
trend is consistent with theories predicting in-
creasing technologization and automation 
across all sectors of the economy and highlights 
the need for an adaptable workforce that is 
ready to take on new technological challenges. 
 
The following figure presents the attitudes to-
wards artificial intelligence (AI) among employ-
ees from large companies (n=246), medium-
sized companies (n=819), and small companies 
(n=492). 
 
Evaluation of the use of AI: 
▪  Employees from large companies rate the 

use of AI in their area of work most positively 
at 83.7%, which indicates a broader ac-
ceptance and possibly also greater exposure 
to AI technologies in such organizations. 

▪  In medium-sized companies, this positive 
rating is 73.0%, while in small companies it 
drops to 68.5%. This decrease could be due 
to fewer resources and infrastructure for AI 
in smaller organizations. 

 
Influence of AI on work tasks: 
▪ The expectation that AI will influence work 

tasks in the near future is high in all three 
groups, with slight differences: 88.6% in me-
dium-sized companies, 87.8% in small com-
panies, and 86.1% in large companies. This 
indicates that, regardless of company size, 
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there is broad recognition of the importance 
of AI for the future of work. 
 

Influence of AI on personal decisions: 
▪  Employees from medium-sized companies 

(44.7%) and from large companies (41.1%) 
are more inclined to welcome the influence 
of AI on personal decisions than those from 
small companies (30.9%). This could be due 
to a greater familiarity with the positive ap-
plications of AI in larger organizations. 

 
AI and job losses: 
▪ The concern that AI could lead to job losses 

is relatively similar across all company sizes: 
54.9% for large companies, 58.0% for me-
dium-sized companies, and 58.1% for small 
companies. This widespread concern re-
flects general uncertainty about the long-
term impact of automation on the labor 
market. 

 
The superiority of AI over human intelligence: 
▪  The belief that AI will eventually be superior 

to human intelligence is more prevalent in 
medium-sized companies (41.1%) and large 
companies (38.6%) than in small companies 
(34.8%). This could reflect the perception of 
technological progress and the future devel-
opment possibilities of AI in larger organiza-
tions. 

 
Similarities and differences: 
▪  Similarities: In all three groups, the expecta-

tion that AI will influence the world of work 
is high. There is also a common awareness 
of the risk of job losses due to AI. 

▪  Differences: Employees from large compa-
nies have a more positive attitude towards 
AI overall and are more likely to see their 
personal decisions influenced by AI than em-
ployees from small companies. 

 
 
Against the backdrop of digitalization in organ-
izations: The data reflects the widespread as-
sumption that larger organizations have a more 
advanced digitalization, which is reflected in a 
higher acceptance and positive evaluation of 
AI. Medium-sized and especially small compa-
nies, on the other hand, still seem to be strug-
gling with challenges in the integration of AI 

technologies, which is reflected in a lower 
agreement with the positive impact of AI on 
personal decisions and a lower positive overall 
assessment.  
 
These differences could result from differences 
in the availability of resources, access to tech-
nology, and a differentiated corporate culture 
in terms of innovation and technology ac-
ceptance. 

 
Figure 39 Attitudes towards AI by organization size of 

respondents 

 

6.4.3 Attitude towards AI depending 

on AIX 

 
It is interesting to look at these answers in rela-
tion to the KI activity index (see Figure 39). The 
answers are more or less clearly but consist-
ently related to the AIX value: 
 

 
Figure 40 Attitudes towards AI by activity index 

 
The data presented shows a clear correlation 
between the respondents' Artificial Intelligence 
Activity Index (AIX) and their attitude towards 
AI: people with a higher AIX tend to have more 
positive views on AI in various contexts. 
 
Positive assessment of AI in the workplace: 
▪ Among respondents with a high AIX, 96.9% 

rate the use of AI in their area of work posi-
tively. This proportion is significantly higher 
than in the other groups and indicates that a 
more active engagement with AI is associ-
ated with a more positive perception of its 
benefits. 
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Influence of AI on work tasks: 
▪ Among those with high AIX, 93.5% believe 

that AI will influence their work tasks soon, 
compared to 80.2% of non-users. This trend 
underlines that people with a more intensive 
involvement with AI are more likely to rec-
ognize the future relevance of AI in their 
field of work. 
 

 
 
AI and decisions in personal areas of life: 
▪  More than half of people with a high AIX 

(51.3%) are in favor of the influence of AI on 
personal decisions, while only 25.5% of non-
users share this view. This could indicate 
that a higher level of AI activity correlates 
with greater confidence in the positive role 
of AI in personal matters. 

 
AI and job losses: 
▪ Interestingly, concern about AI-induced job 

losses is highest among non-users (66.4%). 
This could be due to a certain distance or 
skepticism towards AI, possibly reinforced 
by a lack of familiarity or negative percep-
tions. 

 
The superiority of AI over human intelligence: 
▪ The belief in the future superiority of AI over 

human intelligence is strongest among non-
users (47.8%), which seems para-dox, as this 
group also has the lowest level of positive 
evaluation of AI. This could indicate a certain 
ambivalence or even fear of the uncon-
trolled development of AI. 

 
These data reflect a significant differentiation 
in attitudes towards AI based on individual ex-
perience and interaction with this technology. 
People who actively work with AI (high AIX) not 
only recognize the potential of AI but are also 
more optimistic about its positive impact on 
work and personal life. 
 
In the context of the penetration of digitaliza-
tion in organizations, these results reflect that 
people working in an AI-intensive environment 
tend to see AI as an asset rather than a threat. 
The results emphasize the need to promote AI 
skills and understanding in the workforce to 
fully exploit the benefits of AI technologies 

while reducing potential fears and misunder-
standings.  
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7 Importance, 

experience and 

self-assessment 

concerning Fu-

ture Skills 

In a time of permanent transformation through 
networking, digitalization, and artificial intelli-
gence (AI), the question of the ability to act in 
technology-centric contexts is becoming in-
creasingly important. This AIComp study fo-
cuses on this key topic through a well-founded 
operationalization that distinguishes three im-
portant dimensions: the experience in dealing 
with AI, the future significance attributed to 
AI-related skills by the participants, and the 
self-assessment of their sovereignty concern-
ing the 12 fields of skills.  
Experiences directly reflect the practical en-
gagement with AI technologies. This includes 
not only the use and understanding of AI sys-
tems but also the application of these technol-
ogies to solve specific problems. 
The importance of the future is closely linked to 
the respondents' values and reflects the im-
portance they attach to AI Future Skills. 
Self-assessment or confidence captures the re-
spondents' self-perception of their skills and 
knowledge of AI.  
The breakdown into these three dimensions 
represents an innovative framework that al-
lows us to take a closer look at the interplay 
between practical engagement with AI, per-
sonal values, and self-reflective competence 
assessment. The AIComp study thus not only 
offers new perspectives on individual and col-
lective ways of developing skills but also valua-
ble insights into the transformation process of 
a society that is preparing for a future charac-
terized by technological change. This creates a 
holistic picture of the ability to act regarding AI 
Future Skills.  

To further operationalize the three dimensions, 
three questions were constructed for each of 
the competence fields identified in the qualita-
tive preliminary study:  
▪ A question about previous experience with 

AI in this area,  
▪ a question on your assessment of your sov-

ereignty regarding the respective Future 
Skills  

▪  and a question on the assessment of the fu-
ture importance of the respective Future 
Skills for the professional future.  

The questions were discursively validated by a 
team of researchers and checked for compre-
hensibility in several pretest rounds. They are 
listed in the appendix. For each question, there 
were four possible answers on a Likert scale: 
“Fully agree”, “Rather agree”, “Disagree” and 
“Strongly disagree”. For the evaluation of the 
competence profiles shown below, the scale 
was dichotomized and the top two and bottom 
two scale points were combined and shown as 
a percentage. In the following diagrams for the 
three competence dimensions, the top two val-
ues are combined to form a “TOP2 value”. 
In the following, the three competence dimen-
sions are first presented in context and com-
pared with the 12 competence areas. Subse-
quently, conspicuous discrepancies between 
the competence dimensions in the individual 
fields are discussed, which allows conclusions 
to be drawn about particularly required compe-
tences. The conclusion about special compe-
tence needs is particularly obvious where the 
respective values for experience and sover-
eignty are conspicuously low or where there are 
discrepancies between the assessment of the 
future on the one hand and experience or the 
feeling of sovereignty on the other. 
The questions in the study were based on the 12 
areas of competence postulated in the first ver-
sion of the Future Skills competence model. 
The evaluation of the study data was also in-
tended to validate this model and modify it if 
necessary. For each area of competence, ques-
tions were asked about the three dimensions of 
competence, resulting in 36 questions: 
▪ 12 questions on 4 competences for the tech-

nical-instrumental handling of AI (instru-
mental digital competence, critical digital 
competence, system design competence, 
creative design competence) 
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▪ 9 questions on 3 competences for the social 
use of AI (initiative competence, coopera-
tion competence, communication compe-
tence) 

▪  15 questions on 5 competences for personal 
interaction with AI (decision-making com-
petence, learning competence including fur-
ther training, critical thinking, ethical com-
petence, self-competence) 

The answers provide differentiated data pro-
files with revealing patterns and a complex pic-
ture for each respondent and for the various 
subgroups - of the skills and competence re-
quirements of people who are increasingly con-
fronted with AI, but also of the respective con-
ditions in the workplaces that are the daily en-
vironment for these people.  

7.1 Experience as a competence 

dimension 

A thorough analysis of AI-related Future Skills 
provides valuable insights into the current land-
scape of digital transformation in the world of 
work and life. The figures from the survey of re-
spondents show the prevalence and level of 
digital skills needed to navigate an increasingly 
AI-driven environment. These skills reflect not 
only the ability to keep pace with technological 
change but also critical awareness, ethical con-
siderations, and the ability to collaboratively 
problem-solve in a digital context. In the follow-
ing interpretation, the different competences 
and related experiences of the interviewees are 
highlighted and discussed in relation to the 
wider theoretical and statistical field of social 
science and digitalization research. 
The respondents have varying degrees of expe-
rience concerning AI Future Skills. For a clear 
presentation, the data was first dichotomized - 
i.e. the top two scale points and the bottom two 
scale points were added together. These were 
then presented as a percentage of the re-
sponses for the individual competence items in 
the following figures (n=1644 in each case): 
▪ The high value for communication compe-

tence experience (84.1%) shows that most 
respondents are already actively participat-
ing in exchanges on AI topics - an indication 

of a high willingness to engage with these 
new technologies and share knowledge. 

▪  System design competence: The high expe-
rience rate of 70% indicates a strong ability 
to conceptualize and understand AI systems 
in the context of their work. 

▪ Critical digital competence: 69% of re-
spondents state that they understand the 
logic behind AI systems. This is crucial for 
the use and control of AI tools and applica-
tions. 

▪ Decision-making competence: 68.7% use AI 
recommendation systems in their field of 
activity, which indicates an integration of AI 
into the decision-making process. 

▪  Instrumental digital competence: 62.3% of 
respondents use AI applications as a tool, 
which confirms the spread of AI tools in eve-
ryday working life. 

▪ Critical thinking: An experience rate of 
59.1% indicates a critical approach to AI-
generated information. 

▪  Initiative competence: The ability to make 
AI-based suggestions is reported by 43.7%, 
which shows proactive engagement with AI. 

▪ Ethical competence: A value of 38.9% could 
mean that ethical considerations about AI 
are present but not consistently deepened. 

▪  Creative design competence: 38.1% have 
experience with AI in creative processes, 
which indicates potential for innovative so-
lutions. 

▪  Learning competence: 35.8% have under-
gone further training on the topic of AI in the 
last 12 months, which indicates continuous 
further development in this area. 

▪  Self-competence: 29.9% adapt AI-based 
systems to their needs. 

 

 
Figure 41 Experience with AI-related Future Skills (12 

AIComp competence fields) 
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Figure 42 Experience with AI-related Future Skills (12 

competence fields) as a spider diagram 

 

 
Figure 43 Experience with AI-related Future Skills (12 

AIComp competence fields) with and without a man-
agement function 

 
The chart and the associated data show that 
managers have higher scores in all the compe-
tence areas listed than employees without a 
management function. This indicates that 
managers have a broader range of compe-
tences in the context of AI or at least have a 
higher self-perception of these competences. 
Particularly noteworthy is the significant differ-
ence in the areas of initiative competence and 
cooperation competence, which underline the 
ability to take initiative and work together with 
AI technologies. However, critical digital skills, 
which measure the in-depth understanding of 
AI systems, show less pronounced differences 
between the groups, suggesting that a sound 
critical understanding of AI technologies is val-
ued similarly across different professional lev-
els. Communication competence, as one of the 
fundamental skills in the context of AI, shows 
the highest values among all respondents, 
which underlines its central role in the digital 
transformation. 
The values for experience differed only slightly 
in terms of age and gender. A much more 
meaningful differentiation into subgroups is 
provided by the AI activity index, which was de-
termined for the respondents. Figure 41 shows 
the profile differences in relation to the three 

AIX levels determined. The available data re-
flect how different the respondents' experience 
with AI skills is depending on their AI activity in-
dex (AIX). 
 

 
Figure 44 AI experience on the 12 competence fields 

in relation to the AI activity index 
 

This diagram shows how the values for AI expe-
rience differ regarding the 12 competence 
fields depending on the AIX level. This follows 
the expected pattern: respondents with a high 
AIX value also have more experience in almost 
all competence fields, and this also varies ac-
cordingly for the medium and low AIX levels.  
Participants with a high AIX score (355 respond-
ents) show a high level of decision-making 
competence (85.6%) and instrumental digital 
competence (93.8%). This reflects the active 
engagement with and use of AI. Non-users (247 
respondents) consequently show significantly 
lower values here (decision-making compe-
tence 30.8% and instrumental digital compe-
tence 5.7%). 
It is striking that the lower the AIX value, the 
lower the competence values. This is particu-
larly evident in learning competence (from 
70.7% for AIX high to 11.7% for non-users) and 
initiative competence (from 79.2% for AIX high 
to 13.0% for non-users). It remains to be seen to 
what extent this is due to a lack of opportunities 
and to what extent it is due to a lack of willing-
ness to engage with AI and use it for their pur-
poses. 
However, it is striking that communication 
skills remain relatively high across all groups: 
Even those who have less practical experience 
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with AI seem to feel the need to engage with 
AI.9  
▪ The situation is different in one area of com-

petence: “critical digital competence”, i.e. 
the ability to look through AI systems criti-
cally and analytically. At 68.5%, people with 
a low AIX value attribute more experience to 
themselves here than participants with a 
medium AIX, and almost as much as partici-
pants with a high AIX (71.5%).  

 
▪ Which skills have the relatively highest val-

ues for experience across all AIX groups? In 
the first place are “communication skills” 
concerning AI topics. Even 65.2% of non-us-
ers ascribe this to themselves. This probably 
means that there is already a lot of talk 
about AI everywhere, relatively independ-
ent of how intensively it is used. The fact 
that “system design competence” has con-
sistently high experience values can be ex-
plained by the specific question: “I have al-
ready imagined how I could use AI systems 
for my field of activity in the future.” So, it is 
not so much the practical experience with 
the concrete design of AI systems that is im-
portant here, but rather the experience of 
thinking about it. This also shows the high 
level of attention paid to AI by the respond-
ents. 

 
▪  Experience with AI training was asked about 

in connection with “learning competence”. 
In the last year (i.e. since around mid-2022), 
it was mainly people with a high AIX who 
have gained this experience. 71% is an im-
pressively high figure: this indicates that the 
AI transformation was initiated early on for 
these job areas. For respondents with a me-
dium and low AIX value, the rate is consider-
ably lower, around 33 and 50 percentage 
points respectively. Nevertheless, these val-
ues still seem high overall - after all, the 
broad AI boom with ChatGPT had only just 
started in the months before the survey, and 
there was hardly any time to react to this 
with new and targeted training. 

 
 
 

9 Percentages refer to the TOP2 values: i.e. answers 
that show experience in the respective  

 
▪  Finally, the level of experience in the com-

petence field “Instrumental digital compe-
tence” is also surprisingly high. Here, re-
spondents were asked to respond to the 
statement “I use AI applications as an instru-
ment to perform my tasks”. In the groups 
with a high or medium AIX value, 93.8% and 
76.5% respectively rated this as true or com-
pletely true. 

 
▪ The fact that “cooperation competence” is 

at the very bottom of the scale of all 12 com-
petence fields in all three AIX groups is not 
surprising insofar as there has been little op-
portunity to gain experience with AI projects 
up to this point. Rather, it is surprising that 
59% of people with a high AIX have gained 
experience here. (The likewise uniformly 
low value for “self-competence” can be ex-
plained by the specific question: respond-
ents were asked whether they had gained 
experience in determining their preferences 
when interacting with AI proposal systems).  

 
The ranking list of competences is then pre-
sented. This shows which competences are sat-
urated with experience by more than half of the 
respondents and where there is still potential 
for development. Communication skills have 
the highest experience rate, while self-compe-
tence and cooperation skills are less well-devel-
oped. A differentiated picture of the skills land-
scape thus emerges, providing an insight into 
the status and possible future educational pri-
orities. 
 

Mean values for Experience 

Communication Competence 84,1 ++ 

System design Competence 70.00 + 

Critical digital Competence 69,0 + 

Decision-making Competence 68,7 + 

Instrumental digital Compe-
tence 62,3 + 

Critical Thinking 59,1 O 

Assign “strongly agree” or “agree” to the compe-
tence field. 



 

 
 

67 

Initiative Competence 43,7 - 

Ethical Competence 38,9 - 

Creative design Competence 38,1 - 

Learning Competence 35,8 - 

Self-competence 29,9 - 

Cooperation Competence 27,7 - 

Figure 45 Ranking of the 12 competence fields ac-
cording to mean values for AI experience (median = 
55.9) 

7.2 Sovereignty as a competence 

dimension 

The concept of sovereignty in the context of AI 
Future Skills is essential for understanding and 
promoting the autonomy and self-determina-
tion of individuals in an increasingly digitalized 
world. In the following chapter, we examine 
how sovereignty - defined as the ability to inter-
act confidently and self-determinedly with AI 
technologies - manifests itself and which fac-
tors influence it. We shed light on how self-as-
sessment of one's competence in dealing with 
AI serves as an indicator of sovereignty and how 
this shapes both individual action and social 
participation. 
 

 
Figure 46 Self-perception of own sovereignty about 

Future Skills. Grading across 12 competence fields 

 
The data on confidence in dealing with AI-re-
lated skills shows the following: 
▪ Strong decision-making skills (61.4%) indi-

cate that most respondents are confident in 
involving AI assistance in work decisions. 

▪ High scores in Learning Competence 
(78.2%) and Critical Thinking (74.8%) reflect 
confidence in their judgment and continu-
ous learning in the field of AI. 

▪ Ethical (47.7%) and self-competence 
(69.6%) are medium-high, indicating that 

many respondents make ethical considera-
tions and use AI according to personal pref-
erences. 

▪ Instrumental Digital Competence (78.8%) 
shows a high level of confidence in the use 
of new AI applications. 

▪ In contrast, Critical Digital Competence 
(46.2%) is lower, which could indicate uncer-
tainty when evaluating new AI systems. 

▪ System Design Competence (68.9%) and 
Creative Design Competence (62.6%) show 
that the majority can incorporate AI into the 
design of work processes. 

▪ Initiative competence (61.4%) and Coopera-
tion competence (34.0%) vary, indicating 
different degrees of initiative and coopera-
tion in AI projects. 

▪ Communication competence (56.2%) indi-
cates that more than half of the respondents 
feel confident when it comes to AI ex-
change. 

 
These values reflect how confident individuals 
feel in various aspects of AI skills and represent 
a measure of their self-assessment of their abil-
ities. 
 

 
Figure 47 Self-perception of own sovereignty in rela-

tion to Future Skills: grading across 12 competence 
fields as a spider diagram 

 

 
Figure 48 Self-perception of own sovereignty about 

Future Skills: respondents with and without a manage-
ment function in comparison (spider diagram) 
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The evaluation of the data on confidence as a 
function of position shows that managers feel 
more competent in almost all areas than em-
ployees without a management function. The 
highest values for both groups are found in 
learning competence and instrumental digital 
competence, which indicates general confi-
dence in their ability to continue training and 
use digital tools. The relatively low level of eth-
ical competence overall is striking but with a 
slight lead among managers. Critical digital 
competence is the only category in which em-
ployees without a management function score 
higher, which could indicate that they view the 
effects of AI in their day-to-day work somewhat 
more critically. Cooperation skills are low over-
all, with managers scoring significantly higher, 
which suggests greater involvement in AI pro-
jects and teamwork. Communication skills are 
also higher among managers, which indicates 
greater confidence in dealing with AI-related 
discussions. 
How confident do the respondents feel about 
the 12 areas of competence? This indicates 
where there is a particular need to strengthen 
their competences. 
The data shown below in the spider diagram re-
flects the respondents' self-assessment of their 
skills in dealing with artificial intelligence, bro-
ken down into high, medium, and low accord-
ing to the activity index (AIX). People with a 
high AIX rate their confidence significantly 
higher in all areas of competence, which indi-
cates that an active approach to AI technolo-
gies increases self-confidence in their abilities. 
This is particularly noticeable in the areas of in-
structional digital competence and system de-
sign competence, which are essential aspects in 
the handling and understanding of AI systems. 
As expected, respondents with a low AIX have 
lower sovereignty scores in all areas, especially 
in Critical Digital Competence and Cooperation 
Competence. This could indicate uncertainties 
in the understanding and collaborative use of 
AI. 
Ethical competence is lower overall than other 
areas, which emphasizes the need to place a 
stronger focus on ethical aspects of AI in educa-
tion and training programs. Self-competence, 
the ability to adapt AI systems to personal pref-

erences, is more pronounced among respond-
ents with a high AIX, which suggests a higher 
level of control over the technology. 
Interestingly, communication competence 
shows relatively high values across all AIX lev-
els, reflecting a basic willingness to communi-
cate about AI topics, regardless of the level of 
technical experience. The results suggest that 
active experience with AI strengthens the per-
ceived sovereignty in all areas and thus repre-
sents a central element in the promotion of AI 
skills. 
A look at the details of the spider diagram first 
shows that the three AIX levels are recogniza-
ble here as concentric rings: the distance is be-
tween 10 and 15 percentage points in each case. 
In eight areas of competence, the values are be-
tween 60% and 90% for the group with a low KI 
activity level, around 80% for a medium AIX 
value, and 90% and higher for a high AIX value. 
 
 

 
Figure 49 Self-perceived sovereignty in the 12 compe-

tence fields in relation to the AI activity index 

 
▪  Overall, the degree of sovereignty that re-

spondents from the random sample ascribe 
to themselves appears to be quite high. 
However, the points at which the rings in the 
diagram flatten out significantly are con-
spicuous because the feeling of sovereignty 
is lower.  

▪ These values are lowest, especially among 
those with a medium and low level of AI ac-
tivity, for “cooperation competence”, which 
can be explained by the lack of concrete AI 
projects. However, the feeling of sover-
eignty is also significantly lower than in most 
other areas of competence concerning “crit-
ical digital competence”, “communication 
competence” and “ethical competence”. It is 
not so much the specific challenges associ-
ated with AI technologies that appear to be 
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unsettling, but rather the fundamental 
changes that go hand in hand with them. 

▪ The approval ratings for “self-competence”, 
“creative design competence”, “initiative 
competence” and “decision-making compe-
tence” are strikingly high relative to the re-
spective AIX value. The values here are over 
85% (AIX high), between 65% and 75% (AIX 
medium), and between 45% and 55% (AIX 
low). In each case, these are skills in which 
the focus is less on technical familiarity with 
AI and more on self-confidence and the will 
to actively deal with it. At least in our ran-
dom sample, there seems to be a “let's get 
on with it” mood, which is all the higher the 
more actively people have already dealt 
with AI. 

▪  A discrepancy between experience and sov-
ereignty values can be seen in “critical digital 
competence” concerning AI, which is about 
being able to see through AI systems. The 
interviewees ascribe a relatively high level of 
experience to themselves here, they already 
deal critically with AI, but this is not yet as-
sociated with a corresponding increase in 
the feeling of sovereignty. (However, 48.6% 
and 35% respectively ascribe this ability to 
themselves). 

▪  In two areas, respondents with medium and 
low AIX ascribe higher values to themselves 
overall than would correspond to their level 
of experience: in “critical thinking”, but also 
in “learning competence”. They therefore 
feel up to the challenges ahead and are will-
ing to undergo further training in AI.  

 
As part of the analysis of sovereignty values in 
dealing with AI, the respondents' self-percep-
tions in different areas of competence become 
apparent. Instrumental digital competence and 
learning competence are at the top of the rank-
ing, which indicates a pronounced confidence 
in their ability to use and understand AI. Critical 
digital competence and cooperation compe-
tence, on the other hand, are rated less highly, 
which indicates development opportunities in 
these areas. 
 
 

Mean values for Sovereignty 

Instrumental digital Compe-
tence 78,8 + 

Learning Competence 78,2 + 

Critical Thinking 74,8 + 

Self-competence 69,6 + 

System design Competence 68,9 + 

Creative design Competence 62,6 + 

Decision-making Competence 61,4 O 

Initiative Competence 61,4 O 

Communication Competence 56,2 O 

Ethical Competence 
 47,7 O 

Critical digital Competence 46,2 O 

Cooperation Competence 34,0 - 

Figure 50 Ranking of the 12 areas of competence ac-
cording to mean values for self-perceived sovereignty 
(median = 56.4) 

7.3 Future significance of AI 

skills 

In this chapter, we look at the prospects and the 
importance that respondents attach to AI-re-
lated Future Skills. The dimension of future sig-
nificance deepens our findings from the experi-
ences and perceived sovereignty by looking at 
the values and anticipated relevance of AI skills 
for future challenges. By shedding light on indi-
vidual and collective expectations of the future 
potential of AI, we identify which skills are con-
sidered essential for shaping and participating 
in a future permeated by AI. This section thus 
reflects how individuals see and position them-
selves in a dynamic world influenced by AI. 
 

 
Figure 51 Assessment of the future significance of AI-

related Future Skills (12 competence fields) in gradation 
(all respondents) 

 
The data on the assessment of the future im-
portance of AI-related skills reflects a strong 
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awareness and high expectations among re-
spondents. Decision-making competence, 
which describes the confidence in the ability to 
use AI systems to support oneself, is rated as 
extremely relevant at 95.4%, which underlines 
its central role in the future working environ-
ment. Learning competence follows closely 
with 89.7%, which emphasizes the importance 
of continuous training in the field of AI. The sit-
uation is similar to critical thinking, which is 
rated at 87.3% and emphasizes the need to crit-
ically question AI systems. 
Ethical competence, rated at 80.4%, shows 
that a strong ethical awareness is considered in-
creasingly important for the responsible use of 
AI. Self-competence and the ability to recog-
nize the transition between self-determination 
and heteronomy through AI are also rated as 
significant (73.7%), which emphasizes the im-
portance of autonomy in dealing with AI. 
Instrumental digital competence, which de-
scribes the practical application of AI in the 
workplace, is considered crucial by 77.6% of re-
spondents. Critical digital competence (86.1%) 
and system design competence (68.9%) reflect 
the need for a deeper understanding and active 
involvement in the design of AI systems. 
Initiative competence and cooperation compe-
tence show that respondents value the im-
portance of initiative and teamwork in the con-
text of AI, with the former rated at 70.8% and 
the latter at 68.2%. Communication skills, 
rated at 68.4%, show that communication skills 
in the field of AI are considered essential for the 
future. 
This data illustrates the general expectation of 
respondents that these skills will be key ele-
ments for success in a professional field increas-
ingly influenced by AI. 
 

 
Figure 52 Assessment of the future significance of the 

12 areas of expertise (all respondents, N=1644) 

 

 
Figure 53 Assessment of the future significance of the 

12 areas of expertise for respondents with and without 
a management function 

 
The interpretation of the data shows that man-
agers give a higher assessment of their skills 
across all areas of competence than employees 
without a management position. For example, 
managers rate their decision-making skills 
higher (96.6% compared to 94.8%), which 
could indicate that leadership roles strengthen 
confidence in one's decision-making ability. 
The situation is similar to learning competence 
and critical thinking, where managers also have 
higher scores. 
What is striking is the clear difference in the as-
sessment of system design competence, where 
managers score 76.4% compared to 65.2% for 
employees without a management position, 
which underlines the importance of this compe-
tence for management tasks. The initiative 
competence is also much more pronounced 
among managers (78.3% compared to 66.6%), 
which indicates a higher tendency to act proac-
tively and initiate new approaches. 
Cooperation skills and communication skills 
also scored higher among managers, reflecting 
the importance of collaboration and communi-
cation in leadership roles. This data suggests 
that positions with leadership responsibility are 
not only associated with higher competence 
ratings but also require specific competences 
that are critical for management and leadership 
within an organization. 
How do the respondents assess the future sig-
nificance of AI for each of the twelve areas of 
competence and in relation to their AI activity 
index? 
The available data illustrates the correlation be-
tween the AI activity index (AIX) and the per-
ceived future importance of various compe-
tences. People with a high AIX value recognize 
the importance of all the skills surveyed much 
more strongly than those with a lower AIX or 
non-users. Decision-making skills and learning 
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skills are considered important by almost all re-
spondents, which underlines the central role of 
these skills in a future increasingly influenced 
by AI. 
 

 
Figure 54 Assessment of the future significance of the 

12 areas of expertise in relation to the AI activity index 

 
The high assessment of Critical Digital Literacy 
even among non-users could indicate that a 
basic understanding of AI technology and its 
critical evaluation is considered universally im-
portant, regardless of the level of direct interac-
tion with AI. 
Interestingly, self-competence is rated highest 
among non-users, suggesting that this group 
feels or strives for a high degree of self-deter-
mination, perhaps precisely because they inter-
act less directly with AI technologies. 
In the area of cooperation skills, there is a big 
difference between the AIX groups and the 
non-users. This could mean that active AI use 
also influences the perception of teamwork and 
collaborative projects in the context of AI. 
Overall, the data reflects the expectation that 
AI-related skills will contribute significantly to 
professional success in the future, and this is 
seen as even more pronounced by people who 
are more involved in AI. 
Three points stand out in this third spider dia-
gram: 
▪ The values are consistently high for all AIX 

groups. Even people with a low level of AI ac-
tivity, who on average also have significantly 
less experience and perceived sovereignty, 
hardly rate the future relevance of AI lower 
than the others. 

  
▪ The assessments are very uniform. AI activ-

ity levels (AIX) have very little influence on 
the answers here. Significantly higher as-
sessments of importance (by a good 10% on 
average) are only found in the group with a 

high AIX, and even this only applies to five of 
the twelve competence fields. These all 
have to do with task areas that particularly 
affect managers who are already focusing 
on future transformation processes: “Initia-
tive competence”, “System design compe-
tence”, “Cooperation competence”, “Com-
munication competence” and “Instrumental 
digital competence”. 

 
▪  Respondents unanimously consider AI-re-

lated “decision-making skills” (with values 
between 96% and 98%) and AI-related 
“learning skills” (90% to 93%) to be highly 
relevant for the future. This is followed by 
“critical thinking” and “instrumental digital 
competence”. The consistently high values 
for the importance of “ethical competence” 
should also be emphasized: between 79.5% 
and 82%.  

The results on the future importance of AI Fu-
ture Skills show that decision-making compe-
tence is rated as particularly relevant at 95.4%, 
which indicates that the ability to make AI-sup-
ported decisions is seen as critical for the fu-
ture. High scores for learning competence 
(89.7%) and critical thinking (87.3%) underline 
the importance of continuous learning and an-
alytical questioning in the context of AI.  
 

Mean values for future significance 

Decision-making Competence  95,4 ++ 

Learning Competence  89,7 ++ 

Critical Thinking  87,3 ++ 

Critical digital Competence 86,1 ++ 

Ethical Competence  80,4 + 

Creative design Competence 78,5 + 

Instrumental digital Compe-
tence 77,6 + 

Self-competence 73,7 + 

Initiative Competence 70,8 + 

System design Competence  69,2 + 

Communication Competence 68,4 + 

Cooperation Competence 68,2 + 

Figure 55 Ranking of the 12 areas of expertise accord-
ing to mean values of future importance (median = 81.9) 
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Ethical considerations, represented by ethical 
competence (80.4%), are also seen as increas-
ingly important, while self-competence and 
creative design competence highlight the im-
portance of individual adaptation and innova-
tive use of AI. Cooperation and communica-
tion skills, which are considered fundamental 
for collaboration in AI projects, are considered 
important in the future by more than two-
thirds of respondents, which emphasizes the 
relevance of teamwork in a working world in-
fluenced by AI.
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8. Discrepancy 

analyses: Future 

Skills in compar-

ison between im-

portance and ex-

perience or sov-

ereignty 

The assessment of competences along the 
three dimensions of experience, sovereignty, 
and future significance can be linked in such a 
way that the differences in significance be-
tween these dimensions become recognizable. 
The significance of the future plays a central 
role here. By relating the other two dimensions 
to the importance of the future, discrepancies 
emerge that highlight the importance of cer-
tain skills on the one hand and shed light on the 
respondents' current experiences and their self-
assessment about the Future Skills on the 
other. 
To visualize these relationships, the action rele-
vance matrix was developed, which places both 
dimensions in relation to each other. This con-
cept serves as a tool to enable managers in or-
ganizations and educational institutions to 
carry out a structured analysis and prioritization 
of skills and corresponding measures. In the 
context of our study on Future Skills, the action 
relevance matrix provides a differentiated in-
sight into the assessment of various skills by the 
employees surveyed, concerning their future 
importance and their current experience. This 
facilitates the effective allocation of resources 
by prioritizing areas with a high need for action. 
The average values of the assessments of Fu-
ture Skills, which are based on a scale of 1 
(“strongly disagree”) to 4 (“strongly agree”), re-
flect the respondents' collective assessment of 
the dimensions “experience”, “confidence”, 
and “future relevance” for each of the skills ar-
eas surveyed. The “experience” dimension 

shows the extent to which the respondents feel 
familiar with the competences based on their 
previous experience (e.g. through application in 
everyday working life). “Confidence” describes 
how respondents rate their level of compe-
tence in the experienced Future Skills. “Future 
importance” reflects the importance the re-
spondents attach to their individual skills con-
cerning future challenges in their lives and 
work. 
 

Table 4 Mean values of the competence fields for the 
Future Skills 

  

Signifi-
cance for 
the future 

Experi-
ence 

Sover-
eignty 

Decision-making Compe-
tence  3,1 2,7 2,8 

Learning Competence  3,2 2,9 3,0 

Critical Thinking  3,0 2,9 2,9 

Ethical Competence  3,1 2,3 2,5 

Self-competence  3,4 2,8 2,9 

Instrumental digital Compe-
tence  3,3 2,2 3,0 

Critical digital Competence  3,4 2,7 2,5 

System design Competence  3,2 2,3 2,9 

Creative design Compe-
tence  3,1 2,2 2,7 

Initiative Competence  3,0 2,4 2,7 

Cooperation Competence  2,9 2,0 2,2 

Communication Compe-
tence  3,0 3,1 2,7 

Average of the mean values 3,1 2,5 2,7 

 
The mean values can be used to identify which 
skills are considered particularly relevant and in 
which areas the respondents have already 
gained experience. If one now calculates the re-
spective average of all mean values of a dimen-
sion, e.g. “Importance for the future” with 3.1, 
one obtains the axis value for this dimension. 
All values for this dimension are now either 
above or below average. If you proceed in the 
same way with the second dimension, you ob-
tain a second axis of average values. Both axes 
together divide a four-quadrant field. The mean 
values for the competences can then be as-
signed to the four fields of the action relevance 
matrix. We have named these as follows: 
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▪ Potential area (above-average experience, 
below-average importance for the future): 
Competences in this area are regarded by 
the respondents as currently well mastered, 
but less important for the future. They could 
offer potential for optimization but are not a 
priority for investment in further training. 

▪ Performance area (above-average experi-
ence and importance for the future): This is 
where the competences lie for which both 
current experience and the assessment of 
their future relevance are high. These com-
petences are core strengths and should be 
further promoted to strengthen the position 
of the organization or the individual. 

▪  Development area (above-average future 
relevance, below-average experience): 
Competences that are considered very im-
portant in the future but are currently not 
sufficiently mastered fall into this area. 
These skills require targeted development 
and training measures to ensure future com-
petence. 

▪  Marginal area (below-average experience 
and importance for the future): Compe-
tences in this field are rated as low in terms 
of both current experience and future im-
portance. They do not represent immediate 
development goals but may become more 
relevant in the long term. 

 

 
Figure 56 Structure of the action relevance matrix for 

the evaluation of the results for the 12 competence 
fields in relation to self-perceived sovereignty 

 
Figure 56 shows the principle of the 4-field 
structure of the action relevance matrix. 
Measures can be prioritized according to 
whether they are of below-average or above-
average importance. The following two 4-field 
matrices were created according to the follow-
ing principles:  

▪ The horizontal axis represents the mean 
value of future importance 

▪ The vertical axis represents the overall mean 
value of all individual mean values of the re-
spective dimension experience (average of 
the mean values: 2.5) or sovereignty (aver-
age of the mean values: 2.7) 

8.1 Discrepancy analysis: Sover-

eignty about future significance 

Performance area: 
▪ Learning competence S (future relevance: 

3.2, confidence: 3.0) 
▪  Instr. digital competence S (importance for 

the future: 3.3, confidence: 3.0) 
▪  Self-competence S (importance for the fu-

ture: 3.4, sovereignty: 2.9) 
▪  System design competence S (Importance 

for the future: 3.2, Sovereignty: 2.9) 
▪ Decision-making competence S (Im-

portance for the future: 3.1, Sovereignty: 
2.8) 

 
Development area: 
▪  Crit. Digital competence S (Importance for 

the future: 3.4, sovereignty: 2.5) 
▪  Creative design competence S (importance 

for the future: 3.1, sovereignty: 2.7) 
▪ Ethical competence S (importance for the 

future: 3.1, sovereignty: 2.5) 
 
Potential area: 
▪  Critical thinking S (future relevance: 3.0, 

sovereignty: 2.9) 
▪  Initiative competence S (future relevance: 

3.0, confidence: 2.7) 
▪  Communication skills S (Importance for the 

future: 3.0, Confidence: 2.7) 
 
Marginal area: 
▪  Cooperation competence S (Importance for 

the future: 2.9, Sovereignty: 2.2) 
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Figure 57 Matrix for the evaluation of the results for 

the 12 competence fields: self-perceived sovereignty in 
relation to importance for the future 

8.2 Discrepancy analysis: Expe-

rience in relation to future inter-

pretation 

Potential area:  
▪  Communication skills E (importance for the 

future: 3.0, experience: 3.1)  
▪  Critical thinking E (future relevance: 3.0, ex-

perience: 2.9) 
 
Performance area: 
▪  Self-competence E (future relevance: 3.4, 

experience: 2.8) 
▪  Crit. Digital competence E (future rele-

vance: 3.4, experience: 2.7) 
▪  Learning competence E (future relevance: 

3.2, experience: 2.9) 
▪  Decision-making competence E (im-

portance for the future: 3.1, experience: 2.7) 

 
Figure 58 Matrix for the evaluation of the results for 

the 12 areas of expertise: Experience in relation to fu-
ture importance 
  

 
Development area: 
▪ System design competence E (importance 

for the future: 3.2, experience: 2.3) 

▪ Ethical competence E (future relevance: 3.1, 
experience: 2.3) 

▪ Creative design competence E (importance 
for the future: 3.1, experience: 2.2) 

▪  Instr. digital competence E (importance for 
the future: 3.3, experience: 2.2) 

 
Marginal area: 
▪ Initiative competence E (future relevance: 

3.0, experience: 2.4) 
▪  Cooperation competence E (future rele-

vance: 2.9, experience: 2.0) 
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9. Summary  

 
The AIComp study provides comprehensive in-
sights into the status and development poten-
tial of AI skills in Germany. The results show 
that there is already a broad basis of experience 
and skills in dealing with AI technologies across 
different age groups, genders, professional po-
sitions, and fields of activity. This provides a 
solid basis for the further integration of AI into 
the labor market and society. 
The diversity of the social statistical character-
istics of the participants lends additional depth 
to the study results. The positive attitude to-
wards AI, the wide range of AI-relevant skills 
demonstrated in different areas of compe-
tence, and the awareness of the importance of 
education and training in the field of AI are en-
couraging signs that Germany can take ad-
vantage of the challenges and opportunities of 
AI. 
However, certain gaps and areas of develop-
ment are also becoming apparent, particularly 
concerning “critical digital competence” and 
“ethical competence” in dealing with AI. The 
need to strengthen these areas through tar-
geted education and training initiatives is obvi-
ous to ensure the comprehensive and responsi-
ble use of AI in all sectors. 
The objective of this study, the research of Fu-
ture Skills in the context of artificial intelli-
gence, can be considered complete. A mean-
ingful skills portfolio was identified that is rele-
vant from the respondents' perspective. In ad-
dition, assessments of these skills were col-
lected as part of the quantitative survey. The 
analysis of the data distribution shows that the 
selected list of competences makes it possible 
to effectively divide the participants into 
groups in terms of their experience, self-per-
ception, and predicted importance for the fu-
ture. These results underline that the concep-
tual constructs used are statistically suitable to 
adequately reflect the diversity of opinions 
within the study participants. 
Finally, the study shows the importance of in-
terdisciplinary approaches and the need to in-
tegrate AI skills into all levels of education and 

professional fields. To secure and further ex-
pand Germany's position as a leading AI nation, 
a coordinated effort is required from all those 
involved - educational institutions, companies, 
politics, and the public. The AIComp study pro-
vides a valuable basis and orientation for this. 

9.1 Participants in the study 

The socio-statistical characteristics of the par-
ticipants in the AIComp study provide a broad 
spectrum of demographic information that is 
relevant for the interpretation of the study re-
sults. The most important characteristics of the 
participants are summarized below: 
▪ Age structure: The participants cover a 

broad age spectrum, with the middle age 
groups (30-59 years) being more strongly 
represented, which indicates a working pop-
ulation. The largest group is the 50-59 year-
olds, followed by the 30-39 year-olds and 
the 40-49 year-olds, which underlines the 
level of experience of the participants. 

▪ Gender distribution: There is an almost bal-
anced distribution between male (approx. 
54%) and female (approx. 43%) participants, 
with a small number of people who identify 
as diverse or did not specify. 

▪  Organization size: The study included par-
ticipants from a wide range of organizations 
of different sizes. Large companies as well 
as medium-sized and small companies were 
represented. 

▪  Professional position: The study included a 
wide range of professional positions, includ-
ing team leaders, managers, HR managers, 
project managers, engineers, and managing 
directors, reflecting the diversity of perspec-
tives and experiences. 

▪ Fields of activity: Participants came from a 
variety of fields of activity, including science 
and research, IT and mathematics, educa-
tion, office and administration, manage-
ment and consulting, and business and fi-
nance. 

 
These socio-statistical characteristics show 
that the participants represent a broad spec-
trum of age groups, genders, organizational 
sizes, professional positions, and fields of activ-
ity. This contributes to the depth and breadth 



 

 
 

79 

of insight that the study provides in terms of AI 
skills and experience. 

9.2 Setting values for AI 

The opinions of respondents on AI in general 
(see 6.4) provide information on attitudes and 
expectations regarding artificial intelligence. 
Interestingly, awareness of the rapid develop-
ment of AI technologies and their impact on the 
labor market is widespread: 87% of respond-
ents believe that AI will influence their work in 
the near future. Above all, most of those sur-
veyed view the use of AI in their area of work 
positively, which initially suggests a general ac-
ceptance of AI and a positive perception of effi-
ciency gains and benefits in the world of work. 
Despite this positive assessment, a majority 
fear that AI could lead to job losses (58% of re-
spondents agreed with this statement). Opin-
ions on the influence of AI on important deci-
sions in private life also differ. 
Furthermore, a notable number of respondents 
believe that AI will one day be superior to hu-
man intelligence, reflecting the public debate 
about the long-term impact of AI and its ethical 
implications. These findings signal a wide range 
of expectations and concerns that are highly 
relevant for understanding the social dynamics 
of technology adoption and for guiding policy 
and education measures in the age of digitali-
zation. 
To summarize, the results of the survey show a 
generally positive attitude towards AI in the 
work context, while also highlighting chal-
lenges and concerns about the personal and so-
cial impact of AI. These mixed feelings towards 
AI underline the need to carefully weigh up the 
opportunities and risks and develop strategies 
to promote AI skills and manage the potential 
impact of AI on the world of work and beyond. 

9.3 AI activity index as a mean-

ingful predictor of AI Future 

Skils 

The analysis of the AI Activity Index (AIX) in the 
AIComp study provides valuable insights into 
how the experience and competence in dealing 

with AI varies in different areas of competence 
and groups. The AIX serves as a tool to measure 
the intensity and frequency with which individ-
uals use and understand AI technologies. The 
key findings on AI experience in relation to the 
AIX include 
▪ Variation in AI experience by AIX level: Peo-

ple with a high AIX score have more experi-
ence in almost all the AI skills areas exam-
ined. This shows that more intensive in-
volvement with AI leads to broader and 
deeper experience across a range of compe-
tences. 

▪ Higher competence values with a high AIX: 
Participants with a high AIX value show par-
ticularly strong competences in areas such 
as decision-making competence and instru-
mental digital competence. This indicates a 
close connection between the active use of 
AI and the development of specific AI-re-
lated skills. 

▪ Decline in competence values with falling 
AIX: The study found that the values for var-
ious competences also fall with falling AIX, 
particularly for learning and initiative com-
petence. This indicates that less engage-
ment with AI is associated with lower com-
petence levels. 

▪  Critical digital competence across all AIX 
groups: Interestingly, critical digital compe-
tence, i.e. the ability to penetrate AI systems 
critically and analytically, is comparatively 
high across all AIX groups. This shows that a 
basic critical understanding of AI technolo-
gies is present regardless of the degree of 
active use. 

▪ Communication competence as a universal 
skill: Communication competence in the 
context of AI remains relatively high across 
all groups, which indicates that exchanges 
on AI topics also take place among those 
who have less practical experience with AI. 

 
The results of the AI activity index underline the 
importance of active experience with AI for the 
development of AI skills. They also show that 
certain skills such as critical digital literacy and 
communication skills are important founda-
tions that can be developed regardless of the 
intensity of AI use. 



 

 
 

80 

9.4 Future Skills  

The AIComp study offers a comprehensive 
analysis of the role of Future Skills in the con-
text of digital transformation with a particular 
focus on the requirements arising from the in-
creasing integration of artificial intelligence (AI) 
into the world of work and life. By looking at the 
three dimensions of experience, sovereignty, 
and future significance, the study not only ena-
bles a detailed understanding of the current 
state of AI skills but also provides valuable in-
formation on development potential and train-
ing needs. The key findings are explained in 
more detail below. 
 
Experience with AI-related Future Skills 
An examination of the experience dimension 
reveals a differentiated picture of practical en-
gagement with AI technologies. Most respond-
ents show a high level of activity in communica-
tive competence, which indicates that discus-
sions and exchanges about AI are an integral 
part of professional and, in some cases, private 
interactions. In addition, a significant propor-
tion of the study participants reported exten-
sive experience in the use of AI to solve specific 
problems, which is particularly evident in the 
areas of system design competence and critical 
digital competence. 
It is also interesting to note that experience 
with AI is relatively evenly distributed across 
different age and occupational groups, which 
underlines the ubiquitous importance and pen-
etration of AI technologies in the modern work-
ing world. However, managers tend to have a 
broader range of experience, reflecting their 
role in implementing and managing AI-sup-
ported processes. 
 
Personal sovereignty about AI Future Skills 
The sovereignty dimension measures how 
competent and self-determined the respond-
ents feel in dealing with AI. High scores in the 
areas of learning competence and critical think-
ing demonstrate a strong confidence in their 
own ability to continuously learn and critically 
question AI systems. This is particularly rele-
vant in a rapidly changing technology land-
scape where continuous learning and adapta-
bility are crucial. 

The high self-perception of instrumental digital 
competence also shows that many respondents 
are confident in their ability to effectively inte-
grate new AI applications into their everyday 
work. However, it is striking that despite the 
overall high level of confidence in many areas, 
certain skills such as ethical competence and 
cooperation skills are rated lower. This indi-
cates areas in which further education and 
awareness-raising measures are required to 
strengthen individual and collective compe-
tence in dealing with AI. 
 
The future importance of AI skills 
The assessment of the future importance of AI-
related skills reflects the respondents' expecta-
tions and values regarding the relevance of 
these skills in the future world of work. Deci-
sion-making skills and learning skills are consid-
ered particularly important, which underlines 
the central role of AI support in decision-mak-
ing processes and the need for lifelong learning 
in a technology-driven society. 
The high rating of ethical competence also 
shows that a responsible approach to AI and the 
consideration of ethical aspects are seen as cru-
cial for the future. This underlines the im-
portance of educational initiatives that pro-
mote not only technical skills but also ethical 
and social competences. 
 
Due to the amount of data obtained, the spe-
cific AIComp competence model will be pub-
lished in a second part of the report see 
www.ai-comp.org  

 

9.5 Discrepancy analyses as a 

method for identifying support 

needs 

The discrepancy analyses of the AIComp study 
place a particular focus on identifying specific 
skills deficits and experience gaps to define pre-
cise educational and development needs on 
this basis. The analysis of the self-perception of 
sovereignty in various fields of competence - 
such as critical digital competence, cooperation 
competence, learning competence, and instru-
mental digital competence - in comparison to 

http://www.ai-comp.org/
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their predicted future importance enables a de-
tailed consideration of the areas in which inten-
sive support measures are necessary. An action 
relevance matrix is used as an analysis tool to 
illustrate the importance and urgency of pro-
moting skills and thus identify priority areas for 
action. 
Critical digital competence as a priority field of 
action is characterized by its central im-
portance. This competence, which includes the 
ability to understand and critically scrutinize AI 
systems, is seen as crucial for the future. At the 
same time, there is a significant gap in current 
sovereignty, which indicates an urgent need for 
further training initiatives in this area. 
The action relevance matrix is used to differen-
tiate between areas of competence by compar-
ing the future relevance of individual compe-
tences with the current level of sovereignty and 
practical experience. Areas with high future rel-
evance and at the same time low current sover-
eignty or experience, such as cooperation skills, 
are particularly emphasized. This is considered 
important but shows deficits due to a lack of 
practical application experience in AI projects. 
Concerning the implications for education and 
personnel development, the results underline 
the need for targeted support in areas of com-
petence where there is an acute need for ac-
tion. This includes targeted further training and 
qualification to increase sovereignty and practi-
cal experience in priority competence areas 
such as critical digital competence and cooper-
ation competence, but also learning compe-
tence and instrumental digital competence. 
In summary, the gap analysis of the AIComp 
study highlights the urgent need for targeted 
and strategically oriented promotion of specific 
skills. This is necessary to prepare individuals 
and organizations for the complex challenges 
of an AI-driven future. The identification of 
skills deficits and experience gaps forms an es-
sential basis for the development of effective 
training and further education programs to im-
prove the ability to act and adapt to future tech-
nological developments. 

9.6 Further deepening of the Fu-

ture Skill concept 

In summary, the AIComp study represents an 
important step towards further developing the 
concept of Future Skills and making it usable for 
the field of AI. By providing a stronger theoret-
ical foundation and clarifying definitions, it cre-
ates the basis for the targeted development of 
skills that are indispensable for mastering fu-
ture challenges. The establishment of a Future 
Skills model for artificial intelligence (AI) by the 
AIComp study marks a significant step forward 
in the discussion and conceptual anchoring of 
the term and concept of Future Skills. By apply-
ing fundamental concepts of Future Skills spe-
cifically to the field of AI, the study makes an 
important contribution to the further develop-
ment of this field of research. In doing so, it ex-
plicitly addresses existing points of criticism re-
lating to the theoretical foundation and defini-
tional vagueness of the Future Skills concept. 
The study plays an important role in that it not 
only takes up the concept of Future Skills but 
also substantiates it in terms of educational 
theory and skills theory. This is achieved 
through a clear definition and a targeted oper-
ationalization of the skills relevant for dealing 
with AI. This specification creates a solid basis 
on which future educational strategies and cur-
ricula can be developed. The explication of the 
individual components of the Future Skills 
Model for AI helps to transfer the concept from 
the realm of vague generalizations into the 
context of applicable and measurable skills.  
The AIComp study responds to the previously 
expressed criticism of the lack of theoretical 
foundation of the Future Skills concept and its 
lack of definition. By establishing a clearly de-
fined and well-operationalized Future Skills 
concept for the field of AI, the study closes a 
significant gap in previous research. This meth-
odological approach makes it possible to treat 
Future Skills not only as an abstract concept but 
also to discuss them specifically regarding the 
necessary competences in dealing with AI tech-
nologies. 
By anchoring the Future Skills model in an edu-
cational theory and action competence theory 
framework, a comprehensive understanding 
can be developed of which competences will be 
required in the digitally transformed world of 
tomorrow. This approach makes it possible to 
understand Future Skills as an integral part of 
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lifelong learning and to place them at the cen-
ter of future-oriented educational policy and 
practice. Especially in the field of AI, it is neces-
sary to continuously adapt educational offer-
ings to the changing requirements of the labor 
market and society. 

9.7 Further results 

The AIComp study provides an in-depth insight 
into the status and future demand for AI skills in 
Germany. Further important insights were 
gained in the process: 
▪  Gender bias: The discrepancy in the AI ac-

tivity index between men and women iden-
tified in the AIComp study raises important 
questions about gender dynamics in the en-
gagement with technologies, particularly 
with artificial intelligence (AI). The lower 
scores of women compared to men on the AI 
Activity Index can be explained by a variety 
of factors, both cultural and structural. It is 
important to emphasize that these differ-
ences are not due to intrinsic abilities or in-
terests, but to the effect of social, cultural, 
and institutional influences. To reduce the 
gender gap in the AI activity index, targeted 
strategies are needed that address the fac-
tors mentioned above. These include pro-
moting female role models in AI, creating in-
clusive and supportive learning environ-
ments, breaking down stereotypes through 
education and awareness-raising, and 
providing resources specifically geared to-
wards supporting and promoting women in 
AI professions. These efforts must be sup-
ported by educational institutions, busi-
nesses, policymakers, and society to create 
a more inclusive and equitable AI ecosystem 
where people of all genders can participate 
and succeed equally. 

▪  Teaching AI skills in a targeted manner: 
Concerning the teaching of AI Future Skills, 
the AIComp study shows target group-spe-
cific differences in experience with artificial 
intelligence. These findings not only under-
line the need for target group-specific learn-
ing opportunities but also the importance of 
adaptive didactic approaches for the effec-
tive development of AI Future Skills. To cope 

with the existing differences, didactic flexi-
bility is required that encompasses a variety 
of teaching and learning methods - from 
practice-oriented workshops that address 
real-world problems to online courses that 
enable flexible participation. Target group-
specific didactics should also include the 
promotion of self-efficacy expectations, es-
pecially for groups that are underrepre-
sented or unsure of how to use AI. By specif-
ically considering the needs and experience 
gaps identified in the study, the develop-
ment of AI Future Skills can be sustainably 
supported by tailoring learning opportuni-
ties to the respective target group in terms 
of both content and methodology.  
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10. Recommen-

dations for ac-

tion 

Considering rapid technological developments 
and the increasing digitalization of the world of 
work, it is crucial that education systems and la-
bor markets not only keep pace but also proac-
tively promote the skills and abilities that will 
be needed in the future. These so-called Future 
Skills encompass a broad range of knowledge, 
skills, and attitudes required to succeed in a so-
ciety characterized by artificial intelligence (AI) 
and other advanced technologies.  
The need to identify, promote, and recognize 
these skills poses major challenges for educa-
tional institutions, companies, and political 
decision-makers. 
The following recommendations for action 
aim to provide a strategic framework to meet 
these challenges. They include the need for 
further research on Future Skills, the develop-
ment and establishment of target group-spe-
cific competence models, the operationaliza-
tion of Future Skills for individual learning path-
ways, and the development of specific certifica-
tion concepts and methods for teaching and 
testing these skills in various educational sec-
tors. These recommendations serve as guide-
lines for stakeholders from education, industry, 
and politics to jointly lay the foundations for a 
future-proof society in which every individual 
can acquire and further develop the skills re-
quired for the 21st century. 
1. more research on Future Skills 
▪  Initiate interdisciplinary research projects: 

Establish research consortia that include in-
dustry, educational institutions, and govern-
ment agencies to identify and analyze evolv-
ing Future Skills. 

▪  Long-term studies: Conduct long-term 
studies to understand the evolution of Fu-
ture Skills over time and forecast the impact 
of technology on the labor market. 

 

2. establishment of further competence models 
▪  Target group-specific skills analyses: Devel-

opment and implementation of detailed 
skills models for specific target groups, e.g. 
industry experts, to determine precise skills 
requirements. 

▪  Participatory approaches: Involve stake-
holders from different sectors in the devel-
opment of the skills models to ensure their 
relevance and applicability. 

 
3. operationalization of Future Skills models 
▪  Development of learning paths: Creation of 

individual learning pathways based on the 
Future Skills models to provide personalized 
training and qualification opportunities. 

▪  Integration into existing training platforms: 
Adaptation and integration of the Future 
Skills models into existing online learning 
platforms and management systems. 

 
4. development of specific certification con-
cepts 
▪ Implementation of micro-credentials: De-

velopment of certification concepts, such as 
open badges and micro-credentials, which 
facilitate the recognition of Future Skills. 

▪  Partnerships with industry and accredita-
tion bodies: Work with industry and official 
accreditation bodies to increase the credibil-
ity and acceptance of certifications. 

 
5. development of methods for teaching and 
testing Future Skills 
▪  Innovative teaching methods: Use and pro-

motion of innovative teaching and learning 
methods aimed at teaching Future Skills, in-
cluding project-based learning approaches 
and digital simulations. 

▪  Development of examination standards: 
Development of standards and guidelines 
for the assessment of Future Skills to ensure 
consistent and fair assessment. 
 

6. development of Future Skills models for dif-
ferent education sectors 
▪ Sector-specific models: Developing and 

adapting Future Skills models for different 
education sectors, including schools, higher 
education, and vocational education and 
training, to meet their respective needs. 
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▪ Intersectoral cooperation: Promote cooper-
ation between education sectors to enable 
the exchange of best practices and support 
the development of transversal compe-
tences. 

 
7. policy measures 
▪  Strengthening AI education initiatives: The 

government should specifically promote 
programs and initiatives that focus on AI ed-
ucation and training. This includes the de-
velopment and provision of teaching and 
learning materials specifically aimed at im-
parting knowledge about AI technologies 
and their application. 

▪  Financial support and resource provision: 
Financial incentives should be provided to 
organizations and individuals to promote 
the development of AI skills. This includes 
scholarships, research grants, and access to 
necessary technologies and infrastructures 
to enable learners and researchers to ac-
tively engage with AI. 

 
8th AI Campus Initiative 
▪ Development of a comprehensive AI strat-

egy: A coherent strategy should be devel-
oped that includes educational offers, train-
ing opportunities, research activities, and 
political support mechanisms. This strategy 
should aim to create an ecosystem that pro-
motes exchange between educational insti-
tutions, companies, research institutions, 
and political decision-makers. 

▪  Platforms for exchange and networking: 
The creation of online and offline platforms 
that facilitate exchange and networking be-
tween all actors in the field of AI education is 
essential. These platforms can help share 
best practices, foster collaborations and 
build a community that works together to 
promote and develop AI skills. 

▪  Practice-oriented learning opportunities 
and ethics of AI: Particular attention should 
be paid to the development of practice-ori-
ented learning opportunities that enable 
learners to work on real-world problems 
with AI solutions. It is also important to place 
a strong focus on ethical considerations 
when dealing with AI in all educational offer-
ings. This includes addressing issues of data 

protection, fairness, transparency, and re-
sponsibility when using AI technologies. 

 
These recommendations for action provide a 
framework for systematically and sustainably 
promoting the development and dissemination 
of AI skills. They encourage collaboration be-
tween the various sectors and aim to shape an 
inclusive, ethically sound, and technologically 
advanced future. 
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11. Attachments 

Questionnaire of the AIComp study------------------------------------------------------------------------------
------------- 
Artificial intelligence in everyday working life - 
 What skills do you need to deal with it? 
 
Welcome to our survey! 
Artificial intelligence (AI) is dominating headlines and conversations - and not just since ChatGPT & 
Co. became available to everyone. Have you had anything to do with it? How well prepared do you 
feel for the topic of AI in your day-to-day work? We would be delighted if you could take around 15 
minutes to complete the questionnaire! 
 
 Who is behind it? 
The survey is being carried out by the Baden-Wuerttemberg Cooperative State University together 
with the Karlsruhe Chamber of Industry and Commerce, the Heilbronn Chamber of Industry and Com-
merce and Südwestmetall. The survey is funded by the Federal Ministry of Education and Research 
(BMBF) and the Dieter Schwarz Foundation via the “KI-Campus” and “KI-Hub BaWü” initiatives. The 
“KI-Campus” is the German-language learning platform for anyone who wants to strengthen their AI 
and data skills - with free learning modules (more information at www.ki-campus.org). In addition to 
the DHBW, other renowned universities and research partners are also involved. 
  
Help us to create better conditions for further education in the field of AI! 
This questionnaire is about AI. What does it mean? 
Artificial intelligence (AI) refers to special computer programs that can independently learn new 
things and make decisions on their own in complex situations. They are often able to perform tasks 
that come close to human intelligence. In many places, computers are already using such AI compo-
nents in the background without non-experts noticing. 
 In this study, we are asking for your experiences and assessments of AI applications. Examples include 
ChatGPT or similar applications, the translation program DeepL, image-generating AI, but also smart 
home devices, etc.). 

 
Part 1: Your experiences and attitudes towards AI 
In the first part, we are interested in how you rate your own experience of using AI and what you think 
of AI in general. 
 
Q1. How would you rate your own use of AI applications? Please select the answer option that applies 
most to you. 
Table 1 

  

Q1-1 Passive use: I use AI systems passively without actively adapting them. (1) 

Q1-2 Active use: I understand the basic functioning of AI systems and use them actively 
in my daily work. 

 
 (2) 
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Q1-3 Co-creation and development: I actively participate in the introduction and devel-
opment of AI systems and can identify new possible applications. 

 
 (3) 

Q1.4 I have not yet used any AI systems. (9) 

  
 
Q2. Do you use AI applications in your professional and/or private life? 
Table 2 

  in the professional 
sphere i 

in the private 
sphere 

neither 

  (1) (2) (9) 

  
Q3. How often do you use AI applications? 
Table 3 

  Not at all 
so far 

several 
times al-
ready 

regularly: 
about once a 
week 

Very often: 
several times 
a week 

  1 2 3 4 

  
Note: If you have not yet used AI applications at all, we would like to encourage you to complete the 
questionnaire anyway and let us know your opinion on the other questions. If you do not wish to do 
so, you can complete the questionnaire here <LINK to end>. We would like to take this opportunity to 
thank you for your cooperation! 
  
 
Q4. AI applications have recently become accessible to many users. We are interested in your opinion 
on the following statements. Please indicate the extent to which you agree with each: 
Table 4 

  

  Fully 
ap-
plies  

Ap-
plies  

Does 
not ap-
ply  

Does 
not ap-
ply at 
all  

Cannot 
judge 

Q4-1 I assess the use of AI in my area of work posi-
tively. 

4 3 2 1 9 

Q4-2 I think it is likely that AI will influence my work 
tasks in the near future. 

4 3 2 1 9 

Q4_5 I think it is good that AI influences important 
decisions in personal areas of life such as health, 
education and finances. 

4 3 2 1 9 

Q4_4 In my opinion, AI will lead to job losses in the 
future. 

4 3 2 1 9 
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Q4-3 I believe that AI will eventually be superior to 
human intelligence. 

4 3 2 1 9 

 
Part 2: Your skills in dealing with AI 
The next part is about 12 skills that are useful when dealing with AI. For each of these skills, there are 
now three statements for which we would like your assessment: 
 1. the first one is about whether you have already gained experience with AI in this respect. 
 2. in the second, we ask how confident you feel with the skill. 
 3. the third is about your assessment of how important this capability will be in the future. 
 
 Q5. Using AI for decision-making (e.g. via search engine recommendation systems, voice recognition 
such as Siri or Alexa, social media analysis systems or Linked-In) 
First of all, we are interested in the ability to use AI for decision support. Please mark which answer 
option is most likely to apply to you. 
Table 5 

  

  Fully 
applies  

Ap-
plies 

Does 
not ap-
ply 

Does 
not ap-
ply at 
all 

Cannot 
judge 

Q5-1 I often use AI in my field of work to support 
decision-making (e.g. stock trading, travel plan-
ning). 

4 3 2 1 9 

Q5-2 I feel comfortable getting advice from an AI 
assistant at work. 

4 3 2 1 9 

Q5-3 In my view, the ability to use AI systems for 
decision support will become increasingly im-
portant in the future. 

4 3 2 1 9 

  
Q6. Further training on AI 
How do you feel about continuing your education on the subject of AI? Below you will find three state-
ments on this topic. 
 
Table 6 

  

  Fully 
ap-
plies  

Ap-
plies 

Does 
not ap-
ply 

Does 
not ap-
ply at 
all 

Cannot 
judge 

Q6-1 I have undergone further training on the 
topic of AI in the last 12 months (e.g. training on 
how to use AI tools or AI applications). 

4 3 2 1 9 

Q6-2 I am confident that I can keep up with new 
developments in the field of AI through learning/ 
further training. 

4 3 2 1 9 



 

 
 

97 

Q6-3 I am convinced that continuous training on 
the subject of AI will be an important factor for fu-
ture professional success. 

4 3 2 1 9 

  
  
 
Q7. Critical thinking in relation to AI 
Now it is about the ability to critically assess AI and information generated by AI. Please indicate the 
extent to which you agree or agree with the following statements. 
Table 7 

  

  Fully 
ap-
plies  

Ap-
plies 

Does 
not ap-
ply 

Does 
not ap-
ply at 
all 

Cannot 
judge 

Q7-1 I have a lot of experience in critically review-
ing AI-generated information (e.g. with fact-
checking or additional research). 

4 3 2 1 9 

Q7-2 I feel competent to judge up to what point AI-
generated information is useful to me and when it 
is no longer useful. 

4 3 2 1 9 

Q7-3 The ability to critically question AI systems is 
becoming increasingly important in my field of 
work. 

4 3 2 1 9 

  
 
Q8. Ethical aspects of AI 
The following deals with ethical aspects of the application and use of AI, e.g. in relation to built-in 
discrimination or possible job loss through automation. Ethical awareness is expressed, for example, 
in a reflective attitude or a critical awareness of an issue. 
Table 8 

  

  Fully 
applies  

Ap-
plies 

Does 
not ap-
ply 

Does 
not ap-
ply at 
all 

Cannot 
judge 

Q8-1 I have already dealt intensively with ethical 
questions about the use of AI systems (e.g. be-
cause of built-in discrimination or other issues). 

4 3 2 1 9 

Q8-2 I feel comfortable raising ethical concerns 
related to AI (e.g. because of built-in discrimina-
tion or possible job loss due to automation). 

4 3 2 1 9 
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Q8-3 In my view, the importance of ethical aware-
ness in relation to AI will increase significantly in 
the future. 

4 3 2 1 9 

 
Q9 Self-determination in the use of AI 
We are now interested in the ability to confidently distinguish between human and artificial intelli-
gence and to use it according to your own ideas. Please indicate to what extent you agree or agree 
with the following statements. 
Table 9 

  

  Fully 
ap-
plies  

Ap-
plies 

Does 
not ap-
ply 

Does 
not ap-
ply at 
all 

Cannot 
judge 

Q9-1 I have experience in adapting AI-based sug-
gestion systems so that they do not confront me 
with things I do not want to see or hear. 

4 3 2 1 9 

Q9-2 I trust myself to use AI technologies in a way 
that supports me but does not patronize me. 

4 3 2 1 9 

Q9-3 In the future, it will be difficult to recognize 
the transition between self-determination and het-
eronomy through AI systems. 

4 3 2 1 9 

  
 
Q10. Using AI as a tool 
Now to the ability to use AI as a tool. Please indicate to what extent you agree or agree with the fol-
lowing statements. 
Table 10 

  

  Fully 
ap-
plies  

Ap-
plies 

Does 
not ap-
ply 

Does 
not ap-
ply at 
all 

Cannot 
judge 

Q10-1 I use AI applications as a tool to complete my 
tasks. 

4 3 2 1 9 

Q10-2 I am confident that I can actively integrate 
AI tools into my own work process. 

4 3 2 1 9 

Q10-3 AI applications will play a decisive role in my 
field of work in the future. 

4 3 2 1 9 

  
 
Q11. Understanding AI as a system 
AI applications often combine complex AI systems with each other (e.g. chatbots, financial trading 
systems, autonomous vehicles) without these always being immediately recognizable. Do you know 
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the logic behind AI systems? This is the subject of the next block of questions. To what extent do you 
agree with the statements? 
 
 
 
Table 11 

  

  Fully 
ap-
plies  

Applies Does 
not ap-
ply 

Does 
not 
apply 
at all 

Cannot 
judge 

Q11-1 When using AI systems, it is always im-
portant for me to understand the logic behind 
the AI system. 

4 3 2 1 9 

Q11-2 My understanding of how AI systems 
work allows me to use AI applications that are 
new to me with confidence. 

4 3 2 1 9 

Q11-3 In my view, AI can only be mastered in 
the future if all employees have a deep under-
standing of the underlying systems. 

4 3 2 1 9 

  
 
Q12. Co-designing AI systems (e.g. personalization of recommendations, user-defined filtering of 
content, adaptation of auto-correction, etc.) 
The ability to actively help shape AI applications or systems is interesting for us. How do you feel about 
this? 
Table 12 

  

  Fully 
ap-
plies  

Ap-
plies 

Does 
not ap-
ply 

Does 
not ap-
ply at 
all 

Cannot 
judge 

Q12-1 I have already imagined how I could use AI 
systems for my own field of work in the future. 

4 3 2 1 9 

Q12-2 I feel comfortable helping to shape the fu-
ture use of AI technologies in my professional envi-
ronment. 

4 3 2 1 9 

Q12-3 The ability to actively shape the use of AI 
systems in my field of work will be important for 
my professional success in the future. 

4 3 2 1 9 

  
  
 
Q13. support creativity with AI (e.g. generation of ideas, AI-supported image and text creation, AI-
supported creativity tools, etc.) 
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Can you use AI to improve your creativity - and does AI lead to more innovation? This is the subject of 
the following block of questions. 
 
 
 
 
 
Table 13 

  

  Fully 
ap-
plies  

Ap-
plies 

Does 
not ap-
ply 

Does not 
apply at 
all 

Cannot 
judge 

Q13-1 I have experience in using AI-based solutions 
to develop ideas for creative solutions to problems 
(e.g. creative generation of images with an AI ap-
plication). 

4 3 2 1 9 

Q13-2 I am confident in using targeted questions 
(“prompts”) to elicit better suggestions and ideas 
from text AI systems and image AI systems. 

4 3 2 1 9 

Q13-3 The ability to use AI systems to develop cre-
ative ideas will become more important in every 
field of activity in the future. 

4 3 2 1 9 

Q14. Take initiative with regard to AI 
How proactively do you take on the topic of AI? Please indicate the extent to which you agree or agree 
with the following statements. 
Table 14 

  

  Fully 
applies  

Ap-
plies 

Does 
not ap-
ply 

Does not 
apply at 
all 

Cannot 
judge 

Q14-1 I have already suggested the use of AI ap-
plications in my field of activity. 

4 3 2 1 9 

Q14-2 I am confident that I can take the initia-
tive when it comes to introducing AI systems in 
my field of work. 

4 3 2 1 9 

Q14-3 In my opinion, it will be important for 
professional success in the future to take the in-
itiative when it comes to using AI. 

4 3 2 1 9 

  
 
Q15 Collaboration on the topic of AI (cooperation with AI systems such as chatbots or for data analy-
sis, but also cooperation with colleagues in AI projects) 
Do you feel well equipped to work effectively with AI systems and other people to achieve common 
goals? This is the subject of the following block of questions. Please also indicate here to what extent 
you agree with the following statements or find them applicable. 
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Table 15 

  

  Fully 
applies  

Ap-
plies 

Does 
not ap-
ply 

Does not 
apply at 
all 

Cannot 
judge 

Q15-1 I have had experience of working with 
others on AI projects or plans. 

4 3 2 1 9 

Q15-2 I feel well equipped to collaborate on AI 
projects with experts from other fields. 

4 3 2 1 9 

Q15-3 The ability to collaborate with others on 
AI topics across disciplines will be essential for 
my professional success in the future. 

4 3 2 1 9 

  
 
 Q16 Communication on the topic of AI 
The ability to communicate with others about AI systems and related topics is often not easy. How do 
you see this? Please indicate the extent to which you agree or agree with the following statements. 
 
Table 16 

  

  Fully 
applies  

Ap-
plies 

Does 
not ap-
ply 

Does not 
apply at all 

Cannot 
judge 

Q16-1 I have already exchanged views on AI 
topics with colleagues or acquaintances. 

4 3 2 1 9 

Q16-2 I feel confident in communicating with 
others who have different views on AI topics. 

4 3 2 1 9 

Q16-3 In my field of work, communication 
skills on the topic of AI will be particularly im-
portant in the future. 

4 3 2 1 9 

Q17 Thank you very much so far! Would you like to add any other important skills for dealing with 
AI in everyday working life? Then you have the opportunity to do so here. Simply enter them in the 
following field: (freetext) 
  
Q099 - We have formulated some separate questions for dual partner organizations of the DHBW. 
Therefore, please indicate here whether your organization is a dual partner of the DHBW. (Scale: Yes 
- No - I don't know)  
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Filter questions for dual partners 
<Filter: For all those who have indicated “YES” for Q099, please show the following questions 
  
Q100 - In your opinion, how prepared are DHBW students currently for dealing with AI? (Scale: very 
good - good - sufficient - not sufficient - I cannot judge) 
Q101 - What would you like to see more of from the DHBW on the subject of AI in the future (multiple 
choice) 
- Special AI study programs 
- Special AI supplementary courses 
- Use AI tools in teaching (e.g. chatbots) 
- University should offer us advice on the topic of AI 
- University should offer us further training on the topic of AI 
- Joint research initiatives on the topic of AI 
- Other: (freetext) 
Q102 - Thinking about your company / organization: How important do you think it is to build up ex-
pertise in AI in the future? 
- Today: very important (4) - important - unimportant - not important at all (1) - I can't say (9) 
- In 3 years: very important (4) - important - unimportant - not important at all (1) - I cannot judge (9) 
Q103 - In which areas of your organization do you currently use AI? 
- (freetext) 
Q104 - In which areas do you plan to use AI within the next 2 years? 
- (freetext) 
  
Questionnaire part 3: Social statistics 
In the last part of the survey, we ask you to provide statistical information about yourself, the organi-
zation to which you belong and your professional situation. Please enter the data in the relevant an-
swer fields or mark the answer option that best applies to you. 
  
Q18 Year of birth (free entry, 4 digits) 
Please enter your year of birth. 
  
Q19. gender (as dropdown selection: M / W / D / not specified) 
Please state your gender. 
  
Q20. professional position (selection: list) 
Please select a professional position from the list that best applies to you. 
(1)Managing director 
(2)Manager 
(3)Project manager 
(4)Team leader 
(5)Sales representative 
(6)Marketing employee 
(7)Financial analyst 
(8)Personnel officer 
(9)Customer service representative 
(10) IT specialist 
(11) Software developer 
(12) Data analyst 
(13) Researcher 
(14) Lecturer 
(15) Teacher 
(16) Engineer 
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(17) Designer 
(18) Accountant 
(19) Lawyer 
(20) Service employee 
(21) Administrative assistant 
(22) Logistics employee 
(23) Medical doctor 
(24) Other: Please indicate your professional position in the industry. 
  
Q21 Size of the organization (enter number field) 
How large is the organization to which you feel you belong? Please enter the total number of employ-
ees. 
  
Q22. industry (selection: list) 
In which industry do you work? 
(1) Activities in management & consulting 
(2) Activities in the areas of business operations and finance 
(3) Activities in the fields of IT and mathematics 
(4) Activities in the fields of architecture and engineering 
(5) University and science activities 
(6) Legal activities 
(7) Education, training and library activities 
(8) Activities in the fields of art, design, entertainment, sport and media 
(9) Medical professionals and specialist activities 
(10) Healthcare workers 
(11) Activities in the fields of protection and security 
(12) Activities in the areas of food preparation and catering 
(13) Activities in the areas of building and property cleaning and maintenance 
(14) Activities in the fields of personal care and wellness services 
(15) Sales and related activities 
(16) Office and administrative support activities 
(17) Activities in agriculture, fishing or forestry 
(18) Construction and extraction activities 
(19) Installation, maintenance and repair activities 
(20) Activities in production 
(21) Activities in the fields of transportation and logistics 
(22) Other (please specify) 
 
Thank you very much for your participation and support. You have helped us a lot! 
  
 


