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Integrating Artificial Intelligence (AI) into everyday school practice holds great 
potential for implementing adaptive teaching. AI-supported tools enable learn-
ing processes to be individualized and facilitate a more effective consideration 
of students’ diverse needs. However, to realize these benefits, adequate techni-
cal infrastructure, teachers’ willingness, and relevant competencies are essential. 
This pilot study investigates whether a short, targeted intervention can enhance 
science teachers’ Artificial Intelligence Self-Efficacy Expectation (AISEE) and their 
Perceived Usefulness (PU) of AI in adaptive science teaching. In addition, teachers’ 
conceptual understanding of the adaptive teaching components ‘assessment’, 
‘feedback’, and ‘adaptivity’ was examined by asking them to provide descriptive 
terms for each component. Their responses were analyzed and inductively cat-
egorized to gain deeper insights into teachers’ understanding of the concepts. 
The participants were German lower secondary education science teachers in 
multiplier roles. The results show a significant increase in both PU and AISEE after 
the intervention and a post-intervention correlation between these two variables. 
The results underscore the value of hands-on training formats in fostering Self-
Efficacy (SE) and PU for AI-supported adaptive science teaching.
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1 Introduction

In today’s classrooms, teachers are increasingly confronted with growing heterogeneity 
(Lewalter et al., 2023), larger class sizes, and multilingual learning environments. These devel-
opments pose major challenges for educational practice, as they require instruction that can 
flexibly respond to diverse learning needs, interests, and levels of prior knowledge. Adaptive 
teaching is a promising approach to meeting these demands, as it tailors learning processes to 
students’ individual strengths and needs (Corno, 2008; Decristan et al., 2015; Hardy et 
al., 2022).

Although adaptive teaching is becoming increasingly important, it remains difficult to 
implement and systematically capture in everyday school life. This is partly due to the lack of 
validated instruments for recording adaptive teaching processes and partly due to the incon-
sistent use and interpretation of the concept itself (Plass and Pawar, 2020; Vaughn et al., 2022). 
In addition, the high level of complexity and organization demands associated with adaptive 
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teaching pose further challenges, which can hinder its practical appli-
cation in school settings (Pelánek, 2025). One key to the wider adop-
tion of adaptive teaching may be the use of AI (Celik et al., 2022; 
Kasneci et al., 2023). AI-based systems offer the potential to automati-
cally track learning progress (Maestrales et al., 2021), create differenti-
ated materials (Celik et al., 2022), and provide personalized feedback 
(Labadze et al., 2023; Su et al., 2023). All of this would allow teachers 
to respond more specifically to students’ individual needs with less 
organizational effort. Especially in science education, AI offers great 
potential, as learners often start with very different levels of prior 
knowledge in this subject area. Despite this potential, the actual use of 
AI in everyday school life remains low (Figueroa et al., 2024; Galindo-
Domínguez et al., 2024b). Many teachers feel overwhelmed when 
using AI-based tools or have sufficient knowledge of the didactically 
appropriate use of such technologies (Ng et al., 2023; Yue et al., 2024). 
In addition, teachers have legitimate concerns that the uncritical use 
of AI could lead to a decline in students’ critical thinking skills, as the 
technology may take over certain important cognitive processes 
(Gerlich, 2025). To address these challenges, professional development 
and teacher education must play a bigger role. Given current political 
developments - in particular the training obligations for staff provided 
in the European Union’s AI Act - the discussion about qualification 
programs for teachers is becoming increasingly relevant (European 
Parliament, 2024). Targeted programs in teacher training are therefore 
needed to effectively leverage AI’s potential for adaptive teaching.

To better understand how teachers can effectively implement 
AI-supported adaptive teaching, it is first necessary to clarify the con-
cept of adaptive teaching itself and identify the competencies required 
for its successful implementation. After all, while adaptive instruction 
is often cited as a promising approach, it remains unclear to what 
extent teachers can adequately define and differentiate its key compo-
nents, such as adaptivity, assessment, and feedback. Against this back-
ground, the following theoretical framework outlines the key 
conceptual foundations relevant to this pilot study.

2 Theoretical background

2.1 Adaptivity

The idea of adapting instruction to learners’ individual needs has 
a long tradition, with early conceptual roots dating back to the 5th 
century BC (Corno, 2008). Even then, it was recognized that learners 
have different prerequisites, needs, and approaches to knowledge. 
These early ideas are also reflected in later pedagogical-psychological 
concepts. Bandura (1977), for example, provided important theoreti-
cal foundations for adaptive teaching with his Social Learning Theory. 
The focus here is on learning through observation and the importance 
of self-efficacy expectations - i.e. the conviction that one can carry out 
one’s own actions successfully. High self-efficacy is typically accompa-
nied by increased motivation and greater willingness to work hard. In 
the school context, this applies not only to students, whose confidence 
in their own abilities is crucial for learning, but also to teachers, whose 
self-efficacy strongly influences their instructional practices (Choi and 
Lee, 2017). Adaptive teaching addresses, among other things, the self-
efficacy of students by creating learning environments that take indi-
vidual requirements into account, provide tailored support, and 
enable targeted experiences of success. This not only promotes 

technical skills but also sustainably strengthens learners’ confidence 
in their own abilities. In this context, Vygotskij and Cole (1979) use 
the theory of the zone of proximal development to describe an under-
standing of learning that is based on individual development. They 
emphasize that teachers should recognize students’ current competen-
cies and provide targeted support to optimally promote learning. In 
almost the same period, Glaser (1978) and Snow (1980) also defined 
adaptive teaching as a means of addressing the individual learning 
needs of students, both in terms of common and personal learning 
goals. Building on these theoretical foundations, Corno (2008) under-
stands adaptive teaching as a dynamic process that goes beyond con-
tent adaptation. The focus is on the situational response to individual 
learning needs, combined with the promotion of self-regulatory learn-
ing strategies. Corno (2008) thus expands the concept of adaptivity to 
include a process-oriented perspective in which learners are sup-
ported in developing sustainable strategies for problem-solving and 
independent learning. Adaptivity can be seen on two levels: in micro 
adaptation, i.e., the immediate reaction to learning processes in the 
classroom, and in macro adaptation, which includes longer-term deci-
sions planned in advance, such as grouping students or adapting 
learning materials to different performance levels (Corno, 2008). Both 
adaptations are made based on diagnostic findings.

Diagnosis in this context refers to the recording of individual 
learning requirements, interests, and support needs, which form the 
basis for micro- and macro-level adaptations. Both micro and macro 
adaptations occur within specific teaching conditions and are closely 
linked to learners’ individual learning prerequisites and the sociocul-
tural context of the learners (Corno, 2008). This perspective is also 
consistent with Mishra’s (2019) notion of contextual knowledge in the 
TPACK model, which emphasizes that the effective integration of 
pedagogy, content, and technology is inseparably tied to the concrete 
educational setting and its contextual factors (Mishra, 2019; Rosenberg 
and Koehler, 2015). Adaptive teaching is thus understood not only as 
a methodological approach, but also as a cyclical, pedagogical process 
that combines individual support and the development of autono-
mous learning skills (Corno, 2008).

More recent definitions of adaptivity increasingly include techno-
logical components (Natriello, 2013; Plass and Pawar, 2020; Shute and 
Zapata-Rivera, 2012). In this context, Plass and Pawar (2020) define 
adaptivity as the ability of a system to capture a variety of learning-
relevant variables and make appropriate adjustments on this basis in 
order to optimally support learning processes. Technology-supported 
adaptive learning systems offer a decisive advantage in this context: 
they enable continuous adaptation based on the learner’s current per-
formance (Natriello, 2013; Shute and Zapata-Rivera, 2012). Such sys-
tems can continuously record individual performance levels and then 
dynamically adapt content, level of difficulty, and teaching methods to 
optimize the learning process. Especially, the integration of AI has 
high potential here (Gligorea et al., 2023). Among other things, 
AI-based systems can analyze strengths and weaknesses, control the 
learning pace individually and adapt the presentation of content in a 
targeted manner. This individualized approach can promote engage-
ment, increase motivation, and lead to greater long-term learning 
retention and improved academic performance (Gligorea et al., 2023; 
Yang et al., 2022). Using Yang et al. (2022) as an example, the approach 
of using repeated, adaptive formative assessments could promote 
intrinsic motivation by supporting the experience of autonomy and 
the development of competence—two central psychological needs in 
Ryan and Deci’s (2017) Self-Determination Theory. However, if 
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adaptive systems primarily provide directive instructions without any 
possibility of self-determination, the sense of autonomy may in fact be 
undermined. Moreover, the need for social connectedness may not be 
adequately addressed in this approach.

2.2 Assessment

Assessment is a central element of adaptive systems. This refers to 
the systematic process of recording, evaluating, and interpreting data 
on learners’ knowledge, skills or behavior (Mislevy et al., 2003). The 
aim is to draw well-founded conclusions about learning progress and 
skills development. At an individual level, assessment and perfor-
mance are closely linked, as performance is evaluated based on spe-
cific tasks (Willmott, 1978). Assessment can be formative—i.e., 
accompanying the learning process - and summative - for final evalu-
ation (Plass and Pawar, 2020). Only by continuously collecting this 
data on knowledge, skills, and behavior can adaptive systems make 
targeted adjustments that promote learning.

2.3 Feedback

Feedback is often used as a consequence of assessment or as part 
of an adaptive process or learning scenario. Feedback is informative 
input provided in response to demonstrated performance or behavior 
(Hattie and Timperley, 2007). It serves to reduce the discrepancy 
between the current and intended learning status and is therefore a 
central instrument for the learning process (Hattie and Timperley, 
2007). Effective feedback answers three key questions: “Where am I?” 
(Feed Back), “Where am I going?” (Feed Up) and “What are the next 
steps?” (Feed Forward) (Hattie and Timperley, 2007). According to 
Winne and Butler (1994), feedback can contain information that 
intervenes in existing knowledge structures in different ways: It can 
confirm existing knowledge and thus contribute to strengthening 
security and stability in the learning process. It can also serve to 
expand knowledge, for example, by introducing new information, 
pointing out connections, or offering alternative perspectives. Finally, 
feedback can also initiate a restructuring of knowledge - for example, 
when it helps to recognize and correct misconceptions. Feedback can 
be divided into different forms: implicit (e.g., non-verbal signals such 
as frowning) and explicit (direct verbal or written feedback). It can 
also be classified according to source (teacher, peers, self-feedback), 
time aspects, form (verbal, written) or scope (Narciss and Huth, 2002). 
Hattie and Timperley (2007) also distinguish between four target 
levels of feedback: task, process, self-regulation and self. Feedback at 
the task level concerns the accuracy or quality of a result, whereas 
feedback at the process level addresses strategies and ways of thinking 
in the learning process. Feedback on self-regulation helps learners to 
control their own learning, whereas feedback at the self-level - such as 
praise of the individual - is often considered to be the least effective in 
terms of learning, as it only contributes to cognitive development to a 
limited extent. Feedback is used to provide diagnostic findings to 
learners and is closely related to assessment, as the evaluation of learn-
ing performance forms the basis for targeted feedback. Without any 
kind of prior diagnosis, no targeted feedback could therefore be given.

In summary, assessment forms the basis for both feedback and 
adaptivity. Without a diagnostic assessment of learning performance 
(including data on knowledge, skills, and behaviors), neither targeted 
feedback nor adaptive adjustment of the learning process would be 
possible. Feedback helps the learner to understand the current 

learning status and to work specifically on improvement. At the same 
time, adaptivity aims to design the learning environment so that it 
(repeatedly) responds optimally to individual needs. Ideally, an adap-
tive learning scenario is designed as an iterative loop in which learning 
processes and content are adapted after a continuous diagnosis. The 
current status and further steps are communicated through appropri-
ate feedback.

2.4 Assessment, feedback, adaptivity and AI 
in the DiKoLAN framework

With the increasing combination of adaptivity and technological 
support, teachers are not only required to have pedagogical sensitivity 
but also need profound knowledge about the didactically reflected use 
of digital tools - especially if digital systems are to be used to support 
diagnostic processes or differentiation. Basic digital technologies are 
already integrated into current didactic frameworks, meaning that 
technology-unspecific information and communication technology 
(ICT) skills should be included as an integral part of training in many 
teacher training courses. For example, TPACK (Koehler et al., 2013) 
and DigCompEdu (Redecker, 2017) offer initial frameworks for teach-
ers and trainers in dealing with digital technologies in an educational 
context, in theory also including skills for the use of artificial intelli-
gence. However, a more recent framework, DiKoLAN, ‘Digital 
Competencies for Teaching in Science Education’, explicitly addresses 
not only competencies for science teachers (Kotzebue Kotzebue et al., 
2021), but also, in an extension of the framework, the DiKoLANAI, 
competencies specifically for a purposeful application of AI in and for 
science teaching (Huwer et al., 2024). The DiKoLAN framework 
builds upon the TPACK and DigCompEdu models, adapting and 
extending them to address the specific demands of science education. 
DiKoLAN (Kotzebue Kotzebue et al., 2021) delineates the digital com-
petencies of pre-service teachers into seven core domains that are 
particularly pertinent to teaching in the natural sciences. Within 
DiKoLAN PLUS (Meier et al., 2025), a distinction is made between 
the three more subject-specific competence areas ‘data acquisition’ 
(DAQ), ‘data processing’ (DAP) and ‘simulation and modeling’ (SIM) 
as well as the four more general competence areas ‘documentation’ 
(DOC), ‘presentation’ (PRE), ‘communication/collaboration’ (COM), 
‘information search and evaluation’ (ISE) and the newly added area 
‘assessment, feedback, adaptivity’ (AFA) (Meier et al., 2025). Finally, 
the AI-specific interpretation of DiKoLAN PLUS, the competency 
framework DiKoLANAI describes the competencies required to imple-
ment adaptive science teaching with AI in the area of ‘assessment, 
feedback and adaptivity’. In addition to the skills listed in DiKoLAN 
PLUS that are required for the use of AI in the classroom, the indi-
vidual willingness of teachers also plays a central role. This is where 
the Technology Acceptance Model (TAM) comes in (Davis, 1986).

2.5 The technology acceptance model 
(TAM)

According to the Technology Acceptance Model (TAM) (Davis, 
1986; Venkatesh and Bala, 2008; Venkatesh and Davis, 2000), a teach-
ers’ intention to use a technology such as AI in the classroom is 
shaped by several key factors. The TAM, originally developed by 
Davis (1986), was subsequently extended by Venkatesh and Davis 
(2000) as TAM2 and later also by Venkatesh and Bala (2008) as 
TAM3, incorporating additional explanatory variables (Figure 1). The 
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Technology Acceptance Model 1 (TAM1) (Davis, 1986) describes the 
central factors that influence the use and acceptance of technologies. 
Two of the important factors that can be found in all three TAMs are 
the Perceived Usefulness (PU) and the Perceived Ease of Use (PEU) 
of the technology. Venkatesh and Davis (2000) subsequently estab-
lished further variables mostly to explain the PU such as Subjective 
Norm (SN) and Job Relevance (JR) in the TAM2. Finally, in an 
extended version of the TAM according to Venkatesh and Bala 
(2008), further variables are considered which influence the PEU, 
including Computer Self-Efficacy (CSE) and Computer Anxiety 
(CA). Self-Efficacy (SE) describes a person’s conviction that they can 
successfully master a certain task (Bandura, 1978). In their work, 
Venkatesh and Bala (2008) refer to CSE, i.e., a person’s personal belief 
about the extent to which they are able to use a particular system 
independently and successfully. In terms of teachers, this means con-
fidence in their own ability to use digital technologies, including 
AI-supported tools, effectively in the classroom. This expectation 
significantly influences the PEU, i.e., the subjectively perceived ease 
of using a technology (Venkatesh and Davis, 1996). People with high 
SE often perceive digital tools as more intuitive and easier to use 
(Venkatesh and Davis, 2000). In this context, Holden and Rada 
(2011) investigated both Technology Self-Efficacy (TSE) and CSE and 
found that teachers’ TSE has a greater influence on the TAM than 

their CSE. TSE is similar to CSE, but refers specifically to confidence 
in one’s ability to accomplish specific tasks with a particular technol-
ogy named by the user - as opposed to general computer skills 
(Holden and Rada, 2011).

At the same time, the PU plays a crucial role. The term ‘Perceived 
Usefulness’ refers to the perceived usefulness of a technology for one’s 
own work (Venkatesh and Bala, 2008). According to the TAM, it is 
positively influenced by the PEU, which means that if teachers per-
ceive a technology as easy to understand, their perception of its actual 
usefulness for teaching also increases. Both the PU and the PEU in 
turn directly influence the Behavioral Intention (BI), i.e., the intention 
to use a technology in the future. The higher the PU, the more likely 
it is that teachers will integrate the technology into their lessons.

As PEU and PU remain key predictors of the intention to use AI 
(Ma and Lei, 2024; Nja et al., 2023; Zhang et al., 2023), examining 
these relationships within the context of science teacher education and 
the increasing integration of AI into schools and teaching is becoming 
relevant. AI-based systems offer diverse potential for tailoring learning 
content to students’ individual needs; however, their effective use 
requires a high degree of acceptance and willingness not only from 
teachers but also from the students themselves. Although several stud-
ies on teachers’ acceptance of AI technology are already available (Ma 
and Lei, 2024; Velli and Zafiropoulos, 2024; Zhang et al., 2023), there 

FIGURE 1

The technology acceptance model 3 (based on Venkatesh and Bala, 2008, p. 280) with marked correlations, which were examined in more detail in this 
pilot study.
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is a lack of studies that specifically analyze the factors influencing the 
acceptance of AI for adaptive use in the classroom. Given the diverse 
potential that AI offers in this area, such a study appears urgently 
needed. In addition to the central predictors (PU and PEU) for BI, it 
is also important to consider the influencing factors of these core vari-
ables (PU, PEU) – including self-efficacy (SE) – as well as other poten-
tial influencing factors. In summary, a more in-depth examination 
appears urgently necessary, as AI applications have already become an 
integral part of many students’ daily lives—and thus of everyday 
school life—often emerging through students’ independent use rather 
than guided by teachers.

3 Rationale

As previously outlined, the integration of AI in schools presents a 
significant opportunity to advance adaptive teaching. Beyond techni-
cal infrastructure, the successful implementation depends crucially on 
teachers’ acceptance of adaptive AI-based systems and competencies 
to utilize AI-based tools effectively.

In the context of examining adaptive teaching, it is useful to 
explore teachers’ conceptual understanding of adaptivity and related 
constructs. Moreover, as previously mentioned, PU (Perceived 
Usefulness) and SE (Self-Efficacy) are considered key factors influenc-
ing teachers’ BI (Behavioral Intention) to integrate AI into their teach-
ing. Given the specific focus of the present pilot study on AI-supported 
technologies, Computer Self-Efficacy (CSE) is hereafter conceptual-
ized as Artificial Intelligence Self-Efficacy Expectation (AISEE). 
Against this background, the question arises as to whether the tech-
nology acceptance can be increased through targeted interventions. 
Furthermore, it is of interest to examine the relationship between key 
influencing factors (PU and AISEE) in the context of AI-driven design 
of adaptive science education. From this, the following research ques-
tions arise:

RQ1: How do teachers describe the terms ‘assessment’, ‘feedback’, 
and ‘adaptivity’ in the school context?

RQ2: To what extent does a targeted intervention change teach-
ers’ Perceived Usefulness of AI for adaptive science teaching?

RQ3: To what extent does a targeted intervention influence 
teachers’ AI Self-Efficacy Expectation in using AI for adaptive 
science teaching?

RQ4: Is there a relationship between teachers’ AI Self-Efficacy 
Expectation and their Perceived Usefulness of AI in the context 
of adaptive science teaching?

RQ5: Are there any further relationships between the variables 
age, years of service, gender, Perceived Usefulness and AI Self-
Efficacy Expectation in using AI for adaptive science teaching?

Against this background, the present pilot study investigates the 
levels of AISEE (AI Self-Efficacy Expectation) and PU (Perceived 
Usefulness) among science teachers with regard to selected competen-
cies in using AI for adaptive teaching—both before and after a targeted 
intervention. Furthermore, the study explores which terms teachers 

primarily associate with the concepts of ‘assessment’, ‘feedback’, and 
‘adaptivity’.

It can be assumed that a targeted intervention may increase both 
PU and AISEE (Galindo-Domínguez et al., 2024a; Täschner et al., 
2025). Based on this assumption, it is expected that teachers’ PU of AI 
for adaptive teaching will increase after the intervention. Furthermore, 
teachers’ AISEE regarding the use of AI for adaptive teaching is also 
expected to improve as a result of the intervention.

4 Methods

The pilot study was conducted in the context of a two-day profes-
sional development event for science teachers. The study reports on 
two distinct data collections. The first one focuses on exploring terms 
teachers primarily associate with the concepts of ‘assessment’, ‘feed-
back’, and ‘adaptivity’ (Section 2.1). This data collection was con-
ducted during a lecture session about ‘Competencies for Teachers in 
Times of Transformation’ offered to all participants of the two-day 
professional development program. The second employed a single-
group pre-post design was embedded in a one-hour workshop, which 
participants could voluntarily choose from a range of available work-
shops (Section 4.2). Participants were surveyed in a pre-post design 
regarding the workshop to their AISEE (AI Self-Efficacy Expectation) 
and their PU (Perceived Usefulness) of AI for adaptive teaching. 
Below you will find a description of the procedure and participants 
involved in the word clouds (Section 4.1), followed by more detailed 
information about the survey conducted in the workshop 
(Section 4.2).

4.1 Collection of describing terms for 
‘assessment’, ‘feedback’ and ‘adaptivity’ in 
the word cloud

The word cloud data collection relates to research question 1 
(RQ1) and, although it took place within the same main event, it was 
conducted independently of the workshop in terms of both time and 
location.

4.1.1 Participants

The survey was conducted among teachers who attended a lecture 
as part of a professional development conference. These teachers also 
serve as official multipliers in the state of Baden-Württemberg, 
Germany, in the STEM field for lower secondary education (grades 
5–10). Accordingly, all participants teach at least one STEM subject. 
A total of 61 teachers attended the lecture.

4.1.2 Measurement

During the lecture, participants were asked to name three terms 
each, to describe the concepts of ‘assessment’, ‘feedback’, and ‘adaptiv-
ity’ (e.g., ‘Which three terms would you use to describe 
‘assessment’?’).

To collect the responses anonymously, the tool ‘AnswerGarden’ 
(Creative Heroes AnswerGarden, 2025) was used. This tool not only 
generates a word cloud but also includes the possibility to download 
a CSV file that includes the recorded terms and their frequencies, 

https://doi.org/10.3389/feduc.2026.1759274
https://www.frontiersin.org/journals/education
https://www.frontiersin.org


Brückner et al.� 10.3389/feduc.2026.1759274

Frontiers in Education 06 frontiersin.org

enabling a precise analysis. Teachers were asked to provide three terms 
for each word cloud. However, due to system requirements, it was also 
possible to enter only one or two terms or to leave the word cloud 
completely blank.

4.1.3 Data analysis

To evaluate the word clouds, the teachers’ terms relating to the 
description of the terms ‘assessment’, ‘feedback’, and ‘adaptivity’ were 
grouped into inductive categories using a consensus coding procedure 
(Kuckartz, 2010). We exported all entries from AnswerGarden as a 
CSV file and processed them in four steps. First, we removed non-
meaningful inputs (e.g., “?,” “no idea,” empty strings) and entries that 
were truncated to non-identifiable fragments due to the character 
limit. Second, we standardized spelling variants and obvious typos and 
harmonized German/English duplicates (e.g., “Rückmeldung/feed-
back”) while retaining the original meaning. Third, we split multi-
word entries into single terms when they contained clearly separable 
concepts (e.g., “individualization and differentiation”) but retained 
multi-word phrases as one unit when they represented a single con-
cept (e.g., “formative assessment”). Fourth, we removed exact dupli-
cates within a single participant’s submission; duplicates across 
participants were retained and counted as repeated mentions. This 
pipeline resulted in final datasets of n = 63 (assessment), n = 80 (feed-
back), and n = 71 (adaptivity) valid terms for coding.

For coding, two researchers independently assigned an initial 
subset of terms to inductively developed categories using a shared 
codebook. Interrater agreement on this subset was quantified (percent 
agreement and Cohen’s κ). Cohen’s Kappa indicated a substantial 
agreement between the two raters for every term (adaptivity: κ = 0.96, 
based on 34 items, assessment: κ = 0.89, based on 43 items, feedback: 
κ = 0.90, based on 48 items). Disagreements and ambiguous cases 
were then discussed and resolved to establish the final category system 
and a consensual coding of the full dataset (see Supplementary material 
of this paper).

4.2 Workshop

The data collected in the workshop serve to answer research ques-
tions 2 to 4 (RQ 2–4). It should be noted that the collection of word 
clouds is described in Section 4.1 took place independently of the 
workshop, both spatially and temporally. However, the participant 
group overlapped, as both events were part of the same larger event.

4.2.1 Workshop content

The workshop was divided into a theoretical input section and a 
practical application phase. At the beginning, participants received a 
brief overview of where AI already plays a role in the educational con-
text or could play a role in the future (input-phase = 10 min). The 
discussion highlighted the potential of AI for designing adaptive 
teaching and why its use is becoming increasingly relevant for teach-
ers, students, and the education system. Emphasis was placed on the 
connection to the natural sciences: Since AI has long been part of 
scientific research, it not only serves as a methodological tool but also 
as an authentic subject matter in STEM education.

As following, a brief introduction was provided on the practical use 
of AI for a) lesson planning and b) the preparation of teaching materi-
als. Teachers were introduced to useful prompting strategies to 

effectively interact with AI-based systems (prompting strate-
gies = 10 min). Four common prompting strategies (Zero-Shot-, Few-
Shot-, Chain-Of-Thought- and Ask-Before-Answer-Prompting) were 
selected for the intervention, some of which teachers may already have 
been using unconsciously. However, the presentation of the respective 
advantages and disadvantages makes it clear that the wording of the 
prompts has a significant influence on the output of the AI. Afterwards, 
they had the opportunity to develop an AI-supported teaching element 
using one of our prepared examples, either the personalized creation 
of a tutor bot with poe.com (Quora Poe, 2017) or the use of an LLM of 
their choice to generate critical statements for a discussion or even an 
application of their own choosing that they wished to try in their teach-
ing at some point. Specifically, the teachers were tasked with selecting 
a possible application for AI and trying it out in relation to a teaching 
topic of their choice, ideally one that they were currently covering with 
their students (hands-on = 30 min). An interactive mind map was 
available throughout, allowing participants to review all the topics cov-
ered. It also included practical tips, such as how to create true-false 
tasks or develop a personalized chatbot for the classroom. Finally, the 
teachers were able to share their products and experiences and discuss 
their use in an exchange (discussion = 10 min).

4.2.2 Participants

The present pilot study involves science teachers who participated 
in the described professional development program. These teachers 
act as multipliers in Baden-Württemberg (Germany) in the STEM 
field of secondary education (grades 5–10). Multiplier teachers are 
specially trained educators who share their knowledge and skills with 
colleagues to effectively spread and implement new pedagogical or 
technological approaches in schools. In the workshop n = 39 science 
teachers participated (Figure 2). Of these, n = 35 participants agreed 
to the data protection provisions for the pre-survey and n = 18 for the 
post-survey. Questionnaires with incomplete information on demo-
graphic data or the subjects taught were not included. This resulted in 
n = 30 pre-surveys and n = 16 post-surveys. Only questionnaires that 
were completed in both the pre- and post-survey were included in the 
evaluation. The scales for PU (Perceived Usefulness) and AI Self-
Efficacy Expectation (AISEE) were analyzed separately. For the PU 
scale, a complete data set of n = 16 participants in the pre- and post-
surveys was obtained, of which n = 13 teachers also completed the 
AISEE survey in full. The following describes the demographic char-
acteristics of the sample (n = 16) valid for the evaluation of PU. The 
sample consists of n = 16 teachers, who provide complete data for 
both time points. This sample includes n = 8 female and n = 8 male 
teachers. The ages of the participants range from 29 to 57 years, with 
an average age of 45, with a 95% confidence interval from 40.72 to 
49.28. Regarding years of service, the average is 18.19 years. As teach-
ers in Germany generally teach at least two subjects, with a possible 
combination of two or more sciences, the following subject distribu-
tion emerges within the sample: n = 7 teach biology, n = 9 teach chem-
istry, n = 5 teach physics, and n = 11 teach science and technology or 
comparable science-oriented subjects.

4.2.3 Measurement of AI self-efficacy expectation 
and perceived usefulness

The survey took place immediately before and after the workshop. 
All participants in the pilot study gave their informed consent in 
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accordance with applicable data protection regulations prior to the 
survey. A three-part questionnaire was used as a measurement instru-
ment. In the first section, teachers were asked to generate an individ-
ual code to allow for anonymous matching of the pre- and post-tests. 
This section also included questions on demographic information.

The second part of the questionnaire was based on an excerpt 
from the TAM by Davis (1986). The PU (Perceived Usefulness) scale 
was developed by Holden and Rada (2011) and administered using a 
seven-point Likert scale. This scale was adapted to assess the PU of 
artificial intelligence in the context of adaptive teaching and translated 
into German (see Supplementary material 1).

The final section of the questionnaire focused on assessing AISEE 
(AI Self-Efficacy Expectation) related to the area ‘assessment, feed-
back, adaptivity’ (AFA) competencies addressed in the training, based 
on the DiKoLANAI competency framework (Huwer et al., 2024; 
Huwer et al., 2025). The instrument was based on existing and vali-
dated questionnaires from the DiKoLAN framework (Kotzebue et al., 
2021; Meier et al., 2024). As the DiKoLANAI follows the same struc-
ture, this approach can be transferred accordingly. This procedure was 
confirmed through an expert interview with the Working Group 
Digital Core Competencies. In this case, the measures were collected 
using a ten-point Likert scale, which was chosen based on findings 
indicating that a ten-point format is particularly suitable when the 
scale range is freely selectable (Preston and Colman, 2000). Henne et 
al. (2022) further demonstrated that the instrument reliably measures 
the effects of interventions on the main learning objectives; therefore, 
for reasons of test economy, the survey focused on these objectives 
and the corresponding competencies. Specifically, the test included 
questions about DiKoLANAI (Huwer et al., 2024) self-efficacy expecta-
tions for the following competencies: KI. AFA. T. N1 + 2, 

KI. AFA. T. B2, KI. AFA. M. N1, KI. AFA. M. B1 + 3, KI. AFA. U. N2. 
One example would be a self-assessment in the following competency 
(KI. AFA. M. B3): ‘I can describe strategies for using AI-based feed-
back, tutoring, and assessment/diagnostic technologies in teaching 
and learning processes’. The complete questionnaire can be found in 
Supplementary material 1. The datasets analyzed for this study are 
openly available on Zenodo1 (Brückner, 2025).

4.2.4 Data analysis

If fewer than 50% of the items in a scale were answered, the cor-
responding scale score was treated as missing (NA). The data were 
assessed for normality using the Shapiro–Wilk test and Q-Q plots. For 
the paired-sample analysis, normality was specifically evaluated for 
the difference scores between pre- and post-test measurements, as 
these are the relevant values for paired t-tests, for PU (Perceived 
Usefulness) and AISEE (AI Self-Efficacy Expectation). We used one-
tailed tests for the pre–post comparisons because directional hypoth-
eses (Time 2 > Time 1) were specified a priori based on the workshop’s 
objective and the study’s assumptions stated in the Rationale section. 
This decision was made before data analysis to reflect the pre-specified 
direction of change rather than being chosen post-hoc. We chose a 
one-tailed inferential framework (rather than the more conservative 
two-tailed alternative) because the pre–post hypotheses were strictly 
directional and derived from the intervention logic: the workshop was 
designed to increase PU and AISEE through hands-on engagement, 
and effects in the opposite direction were not theoretically expected 

1  doi: 10.5281/zenodo.16911860

FIGURE 2

Description of the sample based on the analyzed questionnaires.
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in this pilot context. We acknowledge that one-tailed testing is less 
conservative; therefore, to support conventional interpretation and 
demonstrate robustness, we additionally report the corresponding 
two-sided 95% confidence intervals (and two-tailed p-values) along-
side the primary one-tailed results. None of the Shapiro–Wilk tests 
were significant, indicating no statistically significant deviations from 
normality. A potential outlier was identified in the Q-Q plot for PU; 
sensitivity analyses were conducted excluding this case, and the 
reported results remained statistically significant. Given the acceptable 
approximation to normality, parametric tests were used as the primary 
analyses to address the research questions. In addition, Cronbach’s 
alpha was calculated to assess the reliability of the PU (Perceived 
Usefulness) scale by Holden and Rada (2011) and for the AISEE (AI 
Self-Efficacy Expectation) scale for both the pre- and post-tests. 
According to the PU scale, the pre-test yielded a Cronbach’s alpha of 
α = 0.879, while the post-test produced a value of α = 0.899, indicating 
high reliability of the scale. The Cronbach’s alpha for the AISEE scale 
was α = 0.913 for the pre-test and α = 0.971 for the post-test, indicat-
ing that some items may have been redundant for participants.

A paired t-test was conducted to compare teachers’ AISEE (AI 
Self-Efficacy Expectation) regarding AI for adaptive teaching and their 
PU before and after the intervention. Furthermore, a Pearson correla-
tion was calculated to examine associations among age, years of ser-
vice, AISEE, and PU (RQ4–5). In addition, a point-biserial correlation 
was used to analyze the relationship between gender and PU (RQ5). 
A significance level of α = 0.05 was applied for all statistical analyses 
throughout the study. Due to the small sample size, the test power was 
also specified for each calculation. As nonparametric sensitivity analy-
ses, pre–post changes in PU and AISEE were additionally tested using 
Wilcoxon signed-rank tests. Associations between PU and AISEE 
were additionally examined using Spearman’s rank correlation (ρ). 
The correlation between gender and PU was also tested using the 
Mann–Whitney U test. Results were compared with the parametric 
analyses to evaluate robustness in this small-sample, Likert-derived 
dataset. Results.

4.3 Word clouds

To address RQ1, teachers were asked to provide three descriptive 
words for each of the terms ‘assessment’, ‘feedback’, and ‘adaptivity’. For 
the terms ‘assessment’ and ‘adaptivity’, there were cases where partici-
pants did not provide a description and instead entered terms like ‘no 
idea’ or ‘?’. These responses were assigned to the category no descrip-
tion. Table 1 lists all the categories formed for the terms, which are 
explained below with examples.

4.3.1 Assessment

A total of n = 63 raw entries for ‘assessment’ were provided, all of 
which could be integrated into the analysis. The categorization 
resulted in seven categories: data evaluation, diagnostic (process and 
format), target of assessment (educational), response, collaboration, no 
description, and other. A detailed classification of the terms into cate-
gories can be found in the Supplementary material 2. The largest cat-
egory was data evaluation (n = 17), which included terms such as 
‘evaluation’ (Beurteilung) and ‘judgment’ (Bewertung). This was fol-
lowed by diagnostic (process and format) (n = 16), with examples like 
‘survey’ (Erhebung), ‘data collection’ (Datensammlung), and ‘compe-
tence test’ (Kompetenzüberprüfung). The categories target of 

assessment [e.g., ‘subject knowledge’ (Fachwissen), ‘competences’ 
(Kompetenzen)) and (educational) response (e.g., ‘support’ 
(Unterstützung) and ‘exchange’ (Austausch)] both had n = 10 entries. 
The (educational) response category also included feedback-related 
terms such as ‘feedback’ (n = 2), or the German translation for feed-
back, ‘Rückmeldung’ (n = 3).

4.3.2 Feedback

A total of n = 80 raw entries for ‘feedback’ were provided, all of 
which could be integrated into the analysis. The categorization of 
responses resulted in nine categories: definition, goal of feedback, types 
of feedback, feedback medium, (interpersonal) mode, way of communi-
cation, prerequisite, current situation, and other. The largest category 
was definition (n = 26), which was primarily represented by the 
German translation ‘Rückmeldung’ (feedback), with n = 23 entries. 
This was followed by the category goal of feedback (n = 16), including 
examples such as ‘improvement’ (Verbesserung), ‘development’ 
(Entwicklung), and ‘support’ (Förderung). The categories feedback 
medium (e.g., ‘tips’(Tipps), ‘grades’ (Noten)) and (interpersonal) mode 
[e.g., ‘appreciation’(Wertschätzung), ‘respect’ (Respekt)] were each 
represented with n = 5. In the category prerequisite, terms related to 
diagnosis were also included, such as ‘evaluation’ (Auswertung) 
(n = 2). A detailed assignment of terms to categories can be found in 
the Supplementary material 3.

4.3.3 Adaptivity

A total of n = 73 raw entries for ‘adaptivity’ were collected. Two 
entries were deemed invalid (e.g., unidentifiable words or ‘.’) and were 
therefore excluded. This resulted in a final sample of n = 71 valid 
entries. The categorization resulted in eight categories: adaptation, 
variability, implementation, effect, diagnosis, tool, no description, and 
other. A total of n = 71 terms were included. The largest category is 
adaptation (n = 46). The most frequently mentioned term within this 
category was ‘adaptation’ (Anpassung) (n = 19), which also serves as 

TABLE 1  Overview of all categories related to the terms.

Assessment Feedback Adaptivity

Data evaluation (n = 17) Definition (n = 26) Adaptation (n = 46)

Diagnostic (process and 

format) (n = 16)

Goal of feedback 

(n = 16)

Variability (n = 7)

Target of assessment 

(n = 10)

Type of feedback 

(n = 12)

Implementation 

(n = 4)

(educational) response 

(n = 10)

(interpersonal) mode 

(n = 5)

Effect (n = 3)

Collaboration (n = 3) Feedback medium 

(n = 5)

Diagnosis (n = 2)

No description (n = 3) Way of 

communication 

(n = 3)

Tool (n = 2)

Other (n = 4) Prerequisite (n = 3) No description (n = 2)

Current situation 

(n = 2)

Other (n = 5)

Other (n = 8)
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the category’s defining term, followed by terms like ‘individualization’ 
(Individualisierung) (n = 13) and ‘differentiation’ (Differenzierung) 
(n = 3). The next-largest category is variability (n = 7), with examples 
such as ‘flexibility’ (Flexibilität), ‘malleability’ (Formbarkeit), and 
‘changeable’ (veränderbar). The category implementation (e.g., ‘self-
directed’ (selbstbestimmt), ‘social format’ (Sozialform)) and the cat-
egory effect (e.g., ‘support’ (Förderung), ‘appropriate learning’ 
(angemessenes Lernen) was each represented with n = 4 and n = 3 
terms, respectively. The diagnosis category was represented by only 
n = 2 entries, including ‘self-evaluation’ (Selbstevaluation) and ‘com-
parison’ (Abgleich). The category tools is represented in the same size 
(n = 2). A detailed classification of the terms into categories is pro-
vided in Supplementary material 4.

4.4 Workshop

4.4.1 Correlation matrix

Table 2 presents the bivariate relationships among the key vari-
ables examined in the workshop questionnaire results. Significant 
positive correlations were found between gender and PU (Perceived 
Usefulness) in the pre-test. Furthermore, a significant relationship was 
observed both before and after the intervention between AISEE (AI 
Self-Efficacy Expectation) and PU. The pre- and post-test values of 
these two variables also show a significant correlation.

4.4.2 Increase of perceived usefulness after the 
intervention (RQ2)

The following section examines whether and to what degree the 
targeted intervention influenced teachers’ PU (Perceived Usefulness) 
of AI for adaptive science teaching. A paired-samples t-test showed 
significantly higher values for the PU of AI use for adaptive teaching 
after the workshop [t(15) = 2.65, **p = 0.009, d = 0.66]; the one-tailed 
95% confidence interval for the mean difference (Time 1- Time 2) had 
an upper bound of −0.22. This means that after the training (M = 5.15, 
SD = 1.03), participants rated the usefulness significantly higher than 
before (M = 4.50, SD = 1.07) (Figure 3). The median also increased 
from 4.40 (pre) to 5.17 (post). The effect size of d = 0.66 corresponds 
to a medium effect (Cohen, 1992). The statistical power (1 − β) of the 
conducted analyses was 0.81, corresponding to a β error of 0.19. A 
two-sided Wilcoxon signed-rank test confirmed significant pre–post 
increases in PU (V = 14, *p = 0.030, r = 0.54), with a 95% confidence 
interval from −1.42 to −0.08.

4.4.3 Increase of AI self-efficacy expectation after 
the intervention (RQ3)

The results address the question of whether the targeted interven-
tion influenced teachers’ AISEE (AI Self-Efficacy Expectation) in the 
context of adaptive science teaching. The paired-samples t-test of the 
AISEE scores shows a significant increase after the professional devel-
opment intervention [t(12) = 3.15, **p = 0.004, d = 0.87] (Figure 4); 
the one-tailed 95% confidence interval for the mean difference (Time 
1- Time 2) had an upper bound of −0.52. The mean score increased 
from M = 4.94 (SD = 1.77) in the pre-test to M = 6.13 (SD = 1.62) in 
the post-test. Similarly, the median increased significantly from 4.33 
to 6.57. The effect size of d = 0.87 indicates a strong effect according 
to Cohen (1992). The statistical power (1 − β) of the conducted analy-
ses was 0.90, corresponding to a β error of 0.10. A two-sided Wilcoxon 
signed-rank test confirmed significant pre–post increases in AISEE 
(V = 10.5, *p = 0.015, r = 0.67), with a 95% confidence interval from 
−2.0 to −0.43.

4.4.4 Relationship between AI self-efficacy 
expectation and perceived usefulness (RQ4)

A Pearson correlation was conducted to examine the relationship 
between AISEE (AI Self-Efficacy Expectation) and PU (Perceived 
Usefulness) scores before and after the workshop. A moderate positive 
correlation (r = 0.54, p = 0.055, n = 13) between AISEE (AI Self-
Efficacy Expectation) and PU (Perceived Usefulness), with a 95% con-
fidence interval from −0.01 to 0.84 was observed in the pre-test with 
a low statistical power (1 − β) of 0.51, corresponding to a β error of 
0.49. After the intervention (in the post-test), a significant correlation 
between AISEE and PU was found (r = 0.93, p < 0.001, n = 13) 
(Figure 5), with a 95% confidence interval from 0.79 to 0.98. The sta-
tistical power (1 − β) of the conducted analyses was high with >0.99, 
corresponding to a β error of <0.01. A Spearman correlation corrobo-
rated the post-test association between AISEE and PU (p < 0.001, 
ρ = 0.76, n = 13), with a 95% confidence interval from 0.55 to 0.89. 
Figure 4 shows a scatter plot with regression line illustrating the rela-
tionship between AISEE and PU.

4.4.5 Further results (RQ5)

Due to the notable pattern observed in the correlation matrix 
(Table 2), a Pearson correlation was conducted to examine the rela-
tionship between gender and PU (Perceived Usefulness) score. The 

TABLE 2  Correlation matrix.

Variable (1) (2) (3)1 (4) (5) (6) (7)

(1) Age

(2) Years of service 0.95**

(3) Gender1 −0.16 −0.29

(4) PU (Pre) −0.21 −0.21 0.60*

(5) PU (Post) −0.01 0.11 0.33 0.56*

(6) AISEE (Pre) 0.08 0.21 0.20 0.54 0.68*

(7) AISEE (Post) −0.23 −0.09 0.22 0.48 0.93** 0.77**

*p < 0.05; **p < 0.01; 1coded according to 0 = female and 1 = male.
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FIGURE 4

Boxplot of AI self-efficacy expectation scale scores (pre-post 
comparison).

FIGURE 5

Scatter plot and regression of the scale values of AI self-efficacy 
expectation to perceived usefulness.

analysis revealed a significant relationship between gender and PU 
(Perceived Usefulness) before the intervention (r = 0.60, *p = 0.015, 
n = 16) (statistical power = 0.73), with a 95% confidence interval rang-
ing from 0.14 to 0.84. After the intervention this correlation was no 
longer significant (r = 0.33, p = 0.218, n = 16) (statistical 
power = 0.24), with a 95% confidence interval from −0.20 to 0.71. 
Given the multiple comparisons involved, this analysis should be con-
sidered exploratory. The results were confirmed using a non-paramet-
ric Mann–Whitney U test, which yielded a similar pattern of findings 
(Pre: W = 10, *p = 0.023, r = 0.58; Post: W = 22, p = 0.318, r = 0.26), 

with a 95% confidence interval for pre from −2.33 to −0.20 and for 
post from −2.0 to −0.67. Overall, the reported results indicate that 
men had significantly higher PU scores than women prior to the 
intervention.

5 Discussion

The majority of multipliers surveyed in the workshop also took 
part in the subsequent survey on word clouds, which was supple-
mented by additional (multiplier) teachers. Because many participants 
served as multiplier teachers, it is plausible that workshop materials 
and experiences may be shared with colleagues within their profes-
sional networks. However, the present pilot data do not allow conclu-
sions about dissemination, transfer, or impact beyond the immediate 
workshop context.

To outline teachers’ understanding of the terms (RQ1), the 
results of the word clouds were analyzed. The analysis of the word 
clouds for the terms ‘assessment’, ‘feedback’ and ‘adaptivity’ pro-
vides information about which aspects teachers emphasize in these 
concepts. In the survey, the number of terms per word cloud 
varied. While teachers were asked to provide three terms, the 
system also allowed one, two, or no entries. Additionally, the 
intended procedure was for terms to be submitted individually, but 
in some cases, not all three terms were entered because some 
teachers did not understand this. The input field’s word limit also 
caused some terms to be truncated or not submitted when multiple 
terms were entered simultaneously. The categorization of the terms 
revealed that teachers primarily associate ‘assessment’ with the cat-
egories of data evaluation and diagnostic (process and format) (cf. 
Table 1). For data evaluation, the most frequently mentioned terms 
were ‘evaluation’ (Beurteilung) (n = 7), followed by ‘estimation’ 
(Einschätzung) (n = 3) and ‘judgment’ (Bewertung) (n = 2). This 
shows that assessment is primarily understood as the outcome of 
a performance evaluation. Terms from the categories diagnostic 
(process and format) and target of assessment were also frequently 
mentioned, which indicates that teachers also highlight that assess-
ment is interpreted as an instrument for collecting data about 
knowledge and skills. The mentioned terms in the category (edu-
cational) response (n = 10), like ‘support’ (Unterstützung) ‘assis-
tance’ (Hilfestellung) or ‘exchange (information)’ (Austausch), 
show that teachers do not see the assessment process exclusively 
for the purpose of summative diagnosis, but rather as an opportu-
nity to react to the findings from the (formative) assessment. In 
contrast, current studies revealed, that in everyday school life (for-
mative) assessment is still rarely used in many places, or not used 
with sufficient intensity (Baran-Łucarz, 2019; Johnson et al., 2019). 
However, whether the teachers surveyed prefer to use assessment 
for formative or summative diagnosis would need to be asked more 
specifically.

Turning to the term ‘feedback’, it was not surprising that the 
German equivalent ‘Rückmeldung’ was by far the most frequently 
mentioned response (n = 23), as it is the most immediate and intuitive 
association when prompted with this term. A few teachers explicitly 
linked feedback to more assessment-linked terms within the category 
prerequisite, suggesting a reasoned understanding that effective feed-
back should always relate to a concrete target, which, in practice, 

FIGURE 3

Boxplot of perceived usefulness scale scores (pre-post comparison).
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typically presupposes some form of assessment. The categories goal of 
feedback [represented by, e.g., ‘improvement’ (Verbesserung), ‘sup-
port’ (Förderung)] and feedback medium [represented by, e.g., ‘tips’ 
(Tipps), ‘conversation’ (Gespräch)] make it clear that feedback is pri-
marily seen as a supportive measure for the further development of 
learners. At the same time, however, some terms were also mentioned 
that are more associated with summative aspects, such as ‘grades’ 
(Noten), ‘conclusive’ (abschließend) or ‘summative’ (summativ). The 
teachers also implied statements such as ‘coaching’ or ‘participation’ 
for the description of ‘feedback’, which aligns with Haughney et al. 
(2020) view that effective feedback involves actively engaging learners 
and providing them with agency after it is delivered. The term ‘appre-
ciation’ (Wertschätzung) as well as terms such as ‘respect’ (Respekt) 
and ‘empathy’ (Empathie) were also mentioned by some teachers, 
making it clear that feedback as a process has not only a cognitive but 
also an emotional dimension in the perception of teachers and, as in 
other studies, is perceived as a means of shaping relationships between 
teachers and students (Carless and Winstone, 2023).

Given that there is no universally accepted definition of adaptivity 
even within the scientific community (Parsons et al., 2018; Plass and 
Pawar, 2020), it is to be expected that a uniform understanding is also 
absent among teachers. Consequently, the analysis of the descriptive 
terms in the ‘adaptivity’ word cloud represents a useful initial step in 
capturing teachers’ conceptualizations of adaptivity. The high number 
of mentions in the category adaptation (n = 46) in the word cloud 
suggests that teachers clearly recognize the core of the concept, namely 
the adaptation of instruction and responsiveness to students´ indi-
vidual needs. Grant and Basye (2014) also show that teachers associate 
adaptivity with terms such as individualization and differentiation. 
These terms were also mentioned by participants in this pilot study, 
with ‘individualization’ (Individualisierung) (n = 13) and ‘differentia-
tion’ (Differenzierung) (n = 3). The high number of mentions of the 
term individualization confirms that teachers’ understanding of this 
term also includes its proximity to consideration of the individual 
level, which is strongly emphasized in many common definitions 
(Corno, 2008; Plass and Pawar, 2020). As adaptivity is closely linked 
to technological systems in many definitions (Natriello, 2013; Plass 
and Pawar, 2020; Shute and Zapata-Rivera, 2012), it is noticeable that 
only a few participants explicitly mentioned this connection by 
naming concrete tools. Interestingly, the tools mentioned, such as 
‘Bettermarks’ and ‘Duolingo’, both rely on AI to enable adaptive learn-
ing experiences. Similarly, the term ‘adaptivity’ was rarely used in 
diagnostic contexts within the adaptive process. This could indicate 
that teachers understand adaptivity primarily as a punctual or situa-
tion-dependent pedagogical measure, while the continuously diagnos-
tically controlled (in form of formative assessment) and iterative 
character of adaptive processes has so far received less attention. The 
results indicate that teachers are generally able to categorize key terms 
but do not primarily focus on conceptual terms or technological con-
nections in initial descriptions, possibly because these are less preva-
lent in everyday school life or were not cognitively activated in the 
survey context.

Given the small sample size, the data were analyzed using both 
parametric and nonparametric methods. All nonparametric tests 
support the same conclusions as the parametric analyses. For 
RQ2–4, the PU (Perceived Usefulness) and the AISEE (AI Self-
Efficacy Expectation) of AI for adaptive science teaching among 
teachers were recorded during a workshop. Although the workshop 

was not designed to provide a comprehensive insight into all pos-
sible uses of AI in adaptive science teaching due to the limited time 
available, significant increases in both AISEE and PU were 
observed (RQ2 + 3). The results provide initial evidence of short-
term, self-reported change following brief engagement with the 
topic, within this pilot workshop context. Other studies also con-
firm the effectiveness of compact workshop formats (O'Meara and 
Faulkner, 2022; Zenni and Turner, 2021). However, it should be 
noted that the transfer of training content to the school use 
depends to a large extent on the intensity of its application 
(Lipowsky, 2010; Vigerske, 2017): the more intensively teachers put 
the content into practice, the more likely it is that teachers attempt 
to apply the content in their professional context and potentially 
share it with colleagues. Gaining practical experience is also rele-
vant, as it can strengthen participants’ self-efficacy (Bray-Clark and 
Bates, 2003). Even though attempts were made to create opportuni-
ties for practical experimentation within the limited time available, 
the brevity of the intervention could nevertheless have a negative 
effect on the sustainability of implementation and the long-term 
transfer of the content taught. Furthermore, Vigerske (2017) shows 
that the self-efficacy is a key factor influencing the decision to 
transfer training content: teachers who are confident that they can 
implement the content taught at school are more likely to make a 
positive transfer decision. Vigerske (2017) also emphasizes the 
importance of colleagues, which means that a joint implementation 
by the colleagues significantly increases the quality of transfer. The 
role of multiplier teachers, who actively bring continuing educa-
tion content into the collegium, is particularly important here. As 
the intervention was primarily attended by multiplier teachers and 
an increase in self-efficacy expectations was observed, this may 
indicate potentially favorable conditions for transfer, which should 
be examined in future studies using follow-up measures and class-
room-level indicators.

A further finding emerged from the analysis of the relationship 
between the AISEE (AI Self-Efficacy Expectation) and the PU 
(Perceived Usefulness) of AI for adaptive teaching (RQ4): A moder-
ate positive correlation (r = 0.54) between AISEE and PU was 
observed before the intervention, but it was not statistically signifi-
cant, so the relationship should be interpreted with caution. After 
the intervention, the correlation between AISEE and PU remains 
significant, suggesting that after the workshop, participants with 
higher AISEE also tend to report higher PU. Given the small pilot 
sample and shared-method measurement, this association should 
be interpreted cautiously and does not imply a directional or causal 
relationship. The TAM (Technology Acceptance Model) provides a 
suitable theoretical frame of reference for appropriately classifying 
the results (Davis, 1986; Venkatesh and Bala, 2008). According to 
the TAM, self-efficacy (in this case the AISEE) do not directly influ-
ence PU, but rather PEU (Perceived Ease of Use). However, in this 
pilot study only PU was assessed, as it has a strong impact on BI 
(Behavioral Intention) (Teo, 2009; Venkatesh and Bala, 2008; Zuo 
et al., 2025), while PEU typically affects BI indirectly through PU; 
additionally, PEU could not be measured uniformly because par-
ticipants used different AI-based systems. The significant post-
intervention correlation between AISEE and PU suggests that 
higher levels of AISEE may be related to a higher PU, which may 
reflect co-variation in self-reports within this specific context. As 
shown in other studies where PU is described as a strong or even 
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the strongest predictor of BI (Behavioral Intention) (Teo, 2009; 
Venkatesh and Bala, 2008; Zuo et al., 2025), the observed associa-
tion between AISEE and PU, together with the increases in these 
measures, might tentatively indicate a possible influence on BI 
(Behavioral Intention). However, a more extensive empirical inves-
tigation would be required to test the structural relationships 
among these variables, going beyond the scope of the present 
pilot study.

Overall, the intervention can be characterized as hands-on, prac-
tical experience. In TAM-related research, hands-on experience is 
discussed as a factor that may relate to perceptions such as perceived 
usefulness (PU). Accordingly, future teacher education formats could 
be designed to provide structured opportunities for practical engage-
ment and reflection, and should evaluate whether such experiences 
are associated with sustained changes and classroom transfer using 
follow-up assessments and behavioral/performance indicators. The 
present pilot study is consistent with this line of reasoning but cannot 
determine whether the brief intervention influenced actual class-
room implementation, as no follow-up assessment of AI use was 
conducted.

Furthermore, it became apparent that there was a gender dif-
ference prior to the intervention (RQ5). Male participants gave 
significantly higher assessments of the PU of AI for adaptive 
teaching than female participants. This value converged after the 
intervention. The findings indicate that the observed gender dif-
ference in PU was smaller in the post-test than in the pre-test. 
Because this is a single-group, short-term observation, it remains 
unclear whether this pattern reflects a workshop-related change, 
regression to the mean, or other contextual factors. However, it 
remains unclear whether this convergence is only a short-term 
effect or whether it will also be observed in the long term. The 
decline in gender differences could be related either to the free 
choice of AI applications, which allowed participants to engage 
with tools that suited their own teaching contexts, and the wide 
range of possible uses demonstrated. Additionally, the open dis-
cussion format at the end of the workshop may have provided a 
valuable space for shared reflection and the exchange of both criti-
cal and encouraging experiences, potentially leveling initial 
uncertainties or biases. Other studies have also identified gender-
specific differences in attitudes toward artificial intelligence 
(Aldasoro et al., 2024; Zhang et al., 2023). It would therefore be 
desirable for future studies to also look at the extent to which 
certain event formats can help to reduce gender-specific 
differences.

6 Implications

The present pilot study provides preliminary evidence of short-
term, self-reported change in teachers’ attitudes and beliefs related to 
using AI for adaptive teaching following a brief, practice-oriented 
workshop. Given the single-group pre–post design and reliance on 
self-report, these results should not be interpreted as evidence of 
causal impact or effectiveness beyond this setting. Instead, they sug-
gest that AI-related teacher education formats that include structured 
hands-on phases may be a promising direction for supporting teach-
ers’ perceived usefulness and (AI) self-efficacy.

In this sense, future teacher education curricula could con-
sider integrating recurring opportunities for practical experience 
with AI across phases of teacher training, while evaluating 
whether such experiences are associated with sustained changes 
and classroom transfer (Vigerske, 2017; Vogelsang et al., 2019). 
Similarly, low-threshold, experience-oriented formats that allow 
teachers to develop and reflect on their own skills in dealing with 
AI may help to build experience-based confidence, which prior 
research discusses as relevant for (AI) self-efficacy (Bray-Clark 
and Bates, 2003; Gale et al., 2021; Vogelsang et al., 2019; Wray et 
al., 2022).

Moreover, teacher education and school-based professional 
learning should provide space for collegial exchange—not only to 
enable multiplier teachers to share workshop content, but also to 
share experiences (Siciliano, 2016), clarify misunderstandings, and 
explicitly address ethical considerations and potential risks. While 
the present study cannot address long-term outcomes, such struc-
tures could be explored in future work as potential supports for sus-
tained competence development, self-efficacy, and acceptance, 
which may facilitate AI integration in everyday school practice. 
Overall, the present findings should be read as preliminary and 
context-specific, reflecting short-term self-reported change under a 
single-group pre–post design rather than causal evidence of 
effectiveness.

7 Limitations

One limitation of the pilot study is the absence of follow-up 
or a subsequent survey of teachers, which precludes assessing the 
sustainability of the skills taught in the intervention. At the same 
time, the positive changes in PU (Perceived Usefulness) and 
AISEE (AI Self-Efficacy Expectation) show that even short inter-
ventions can be effective. For this reason, this limitation should 
be considered in the context of the study’s objectives. Secondly, 
the teachers participated in the training voluntarily, suggesting 
that their expectations regarding AISEE and PU may already be 
higher at baseline than in a representative sample of teachers, as 
they selected the workshop topic independently. Thirdly, the 
sample size was comparatively small, which limits the generaliz-
ability of the findings. An a priori calculation of the sample size 
for more meaningful analyses would not have been useful in this 
case, as the number of participants for this single data collection 
date could not be determined in advance. It is fortunate that 
teachers could be surveyed at all, as such events are rare. For this 
reason, the present study was conducted as a pilot study. In addi-
tion to the statistical analyses, the test statistic was specified in 
each case to ensure the significance of the results was transparent. 
Additionally, we must consider potential general conference 
effects, social desirability, novelty or Hawthorne effects, partici-
pants’ awareness of the workshop’s purpose, and measurement 
sensitization from completing the pre-test. Moreover, in the 
survey in which teachers were asked to provide three terms each 
for a word cloud on the topics of ‘assessment’, ‘feedback’, and 
‘adaptivity’, the intention was that the terms be submitted indi-
vidually. However, in some cases, not all three terms were entered 
because some teachers did not understand this procedure. In 
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addition, the input field’s word limit meant that, when attempting 
to enter multiple terms at once, individual terms were truncated 
or not submitted. Furthermore, the study was limited to two cen-
tral constructs of the TAM (AISEE and PU), which does not allow 
for a comprehensive modeling of the acceptance process. It should 
also be noted that established framework models such as TAM can 
reach their limits in the context of AI, as they do not adequately 
reflect the specific ethical, educational, institutional, and technical 
complexities of AI applications. Future studies should therefore 
also include scales for other factors influencing the TAM in the 
questionnaire to obtain a more comprehensive picture of AI 
acceptance in the school context. Finally, it should be noted that 
no comparative values for the AISEE in conjunction with the 
DiKoLANAI competencies (Huwer et al., 2024) have been available 
to date, making it impossible to compare the values collected with 
other empirical findings.
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Glossary

AFA - Assessment, Feedback and Adaptivity

AI - Artificial Intelligence

AISEE - Artificial Intelligence Self-Efficacy Expectation

BI - Behavioral Intention

CA - Computer Anxiety

COM - Communication/Collaboration

CSE - Computer Self-Efficacy

DAP - Data Processing

DAQ - Data Acquisition

DigCompEdu - Digital Competence Framework for Educators

DiKoLAN - Digital Competencies for Teaching in Science Education

DOC - Documentation

ICT - Information and Communication Technology

ISE - Information Search and Evaluation

LLM - Large Language Model

PEU - Perceived Ease of Use

PRE - Presentation

PU - Perceived Usefulness

RQ - Research Question

SE - Self-Efficacy

SIM - Simulation and Modeling

SN - Subjective Norm

STEM - Science, Technology, Engineering and Mathematics

TAM - Technology Acceptance Model

TPACK - Technological Pedagogical Content Knowledge

TSE - Technology Self-Efficacy
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