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ABSTRACT:

Educational diagnostic skills are essential in special education, both for iden-
tifying students’ special needs and for making informed pedagogical decisions 
in daily practice. Simulation-based learning presents a promising approach in 
higher education by connecting theoretical knowledge to real-world prob-
lems and enabling in-depth analysis of diagnostic processes through the gen-
eration of data. This study examines the use of simulations in diagnostic case 
processing, comparing two formats: a digital structured click game and a dis-
cursive interaction with an AI-based Pedagogical Agent (PA). Both games 
were developed for students with special education needs who possess exper-
tise in diagnostic processes. Findings indicate that both interactive learning 
environments effectively support the development of diagnostic skills and 
processes. All participants successfully completed the games, although 75% 
required additional support during the AI conversation. Participants demon-
strated significantly varying levels of efficiency and accuracy in their diagnos-
tic process across the two games. This paper explores the underlying reasons 
for these differences and discusses the potential benefits and limitations of 
interactive learning environments, with and without AI integration.
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INTRODUCTION

AI-based Pedagogical Agents in higher education
AI-based PAs are advanced, interactive tools designed 
to enhance teaching and learning experiences. Typ-
ically embodied as 3D models, these agents facilitate 
real-time interactions through conversation and other 
modalities, powered by artificial intelligence. This en-
ables them to adapt to learners’ needs dynamically, pro-
viding personalized and immersive educational experi-
ences (Zhao et al., 2024). In this paper, we employ an 
AI-based PA to support the training of diagnostic de-
cision-making (DDM) for special education students. 
By interacting with the PA, students practice gathering 
and evaluating information, making educational deci-
sions, and justifying their reasoning in a realistic, simu-
lated environment. 

PAs offer a wide range of benefits for teaching and 
learning, particularly in areas such as individual adapta-
tion, contextualized learning, immersive learning, scaf-
folding, and promoting self-regulation and motivation 
(Fink et al., 2024). They enable flexible adaptation to 
learners’ needs, ensuring that tasks are aligned with in-
dividual levels and progress (Wollny et al., 2021). Such 
personalization enhances motivation and engagement 
(Shumanov & Johnson, 2021) and allows for the effi-
cient creation of contextualized scenarios. In medical and 
teacher education, avatar-based role plays foster commu-
nicative skills and complement or replace traditional for-
mats (Fecke et al., 2023). Research underscores the add-
ed value of PAs in supporting learning and motivation 
(Kim, 2009; Siegle et al., 2023). They also contribute to 
immersive virtual and augmented environments by pre-
venting cognitive overload and integrating established 
learning strategies (Makransky et al., 2019). Through 
scaffolding and tailored feedback, they facilitate better 
outcomes across subjects (Sailer et al., 2023). Moreover, 
they foster self-regulation, positive emotions, and cu-
riosity, which are central to learning success (Beege & 
Schneider, 2023).

However, these benefits are accompanied by critical 
challenges. Simulation-based learning can overwhelm 
learners, who must apply their knowledge in complex 
professional situations (Fischer et al., 2022; Frerejean et 
al., 2023; Machts et al., 2024). Adequate instructional 
support, such as targeted feedback, is therefore essential 
(Issenberg et al., 2005). While personalization has been 
studied in specific contexts, systematic integration into 
simulation-based formats for professional learning re-
mains limited. This gap is particularly relevant because 

professional development requires practice represen-
tations that both approximate real-world complexity 
and support the structured application of knowledge 
(Boshuizen et al., 2020; Jossberger et al., 2022; Norman 
et al., 2007). Against this background, the question arises 
how training culture can be designed to foster education-
al diagnostic competences.

Training culture to foster educational  
diagnostic competencies
Teachers’ diagnostic skills are crucial for supporting stu-
dents’ individual learning progress. Research highlights 
that strong diagnostic skills enhance the likelihood of 
successful learning outcomes in the classroom. This is 
achieved by adapting lessons to meet students’ individual 
learning needs (Blömeke et al., 2008). In recent years, the 
importance of acquiring these diagnostic skills has grown 
across all teacher training and professional development 
programs, reflecting its critical role in effective teaching 
(e.g., Südkamp et al., 2012).

Decision-making in the diagnostic process
The process of educational diagnostics involves multiple 
steps, with varying emphasis depending on the underly-
ing model (e.g., Bundschuh & Winkler, 2019; Gebhardt, 
2024). Diagnostic assessment typically begins with an 
initial concern, followed by the collection of informa-
tion, the interpretation of results, and ultimately a deci-
sion or judgment regarding support needs (van Ophuy-
sen & Behrmann, 2015). Data collection is guided by 
the diagnostic purpose and the attributes being measured 
(Tönnissen & Hövel, 2022). Effective diagnostics rely on 
the selection of suitable methods to provide relevant and 
comprehensive information, rather than intuitive predic-
tions (van Ophuysen & Behrmann, 2015).

Educational diagnostics is a cyclical process that in-
tegrates diagnostic and pedagogical decisions to person-
alize learning support (Gebhardt, 2024). This cycle in-
volves making support decisions, implementing targeted 
strategies, and evaluating learning progress (Heitzmann 
et al., 2019). While flexibility, efficiency, and the abil-
ity to revise decisions enhance the diagnostic process, 
these elements remain underexplored in complex tasks 
requiring advanced information processing (Dünnebier 
et al., 2009; Bauer et al., 2025). Interpreting results to 
prioritize relevant aspects and inform support decisions 
requires situating insights within theoretical and contex-
tual frameworks (Tönnissen & Hövel, 2022). Appropri-
ate support decisions integrate diagnostic interpretations 
with pedagogical expertise, enabling the implementation 
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of evidence-based strategies (Hövel et al., 2019). Effec-
tive decisions can often be made with limited empirical 
evidence (Reimer et al., 2007), striking a balance be-
tween accuracy and efficiency to ensure responsive, de-
velopmentally appropriate support.

Fostering diagnostic competencies
The framework proposed by Heitzmann et al. (2019) 
systematically examines the development of diagnostic 
competencies, identifying core quality criteria that in-
fluence the diagnostic process. These include diagnostic 
knowledge, activities, and context. Diagnostic knowl-
edge encompasses conceptual knowledge, such as theo-
retical understanding, and strategic knowledge, includ-
ing heuristics and procedures (Förtsch et al., 2018; Stark 
et al., 2011). Together, these knowledge types support 
informed diagnostic decisions. Accuracy, which measures 
alignment with expert solutions, and efficiency, referring 
to the resources required, are key indicators of diagnostic 
quality (Heitzmann et al., 2019).

Enhancing diagnostic competencies involves the 
transfer of theoretical knowledge and application-based 
learning. While lectures and self-study focus on knowl-
edge dissemination, applying skills often includes inter-
active or collaborative case analyses (Heitzmann et al., 
2019). However, university teacher education is often 
criticized for insufficient preparation in real-world appli-
cation (Harr et al., 2014). Bridging theory and practice 
requires opportunities that combine theoretical foun-
dations with authentic experiences, enabling students 
to develop adaptive responses and sustainable routines 
(Renkl, 2014; Seidel et al., 2015). 

Problem-based learning fosters a connection be-
tween theoretical knowledge and practical application, 
emphasizing key activities such as problem identifica-
tion and evidence gathering (Fischer et al., 2014). Its 
effectiveness depends on instructional support, such as 
scaffolding strategies and prompts, but these must be 
carefully timed (Renkl, 2014; Kim et al., 2018). Case 
vignettes, including written or video-based analyses, 
promote foundational skills such as identifying relevant 
aspects; however, their limited interactivity constrains 
their ability to replicate real teaching scenarios. Inter-
active simulations address this gap by offering con-
trolled, dynamic environments for skill practice and 
reflection on mistakes (Cook, 2014). These methods, 
however, require customization to diverse learner needs 
(Chernikova et al., 2020), and further research is need-
ed to explore their effectiveness across diverse contexts 
(Cook, 2014).

RESEARCH QUESTIONS

Developing DDM skills is crucial for preparing future 
educators to confidently navigate real-world, learner-cen-
tered contexts. Simulated environments that replicate 
diagnostic challenges play a critical role in bridging the 
gap between theoretical knowledge and practical ap-
plication. However, this gap often persists, underscor-
ing the need for more robust training methods. In this 
study, students at the university level engage with two 
distinct tools, which we compare in this study: a click-
based simulation game (click game) and an AI-based PA 
(AI games). Through this comparative analysis, we aim 
to explore how each tool supports the development of 
diagnostic proficiency and heuristics as complementary 
resources for diagnostic training. Therefore, we address 
two research questions:
(A)	 How do the games differ in their effectiveness for 

training teachers’ diagnostic competencies, and 
what types of support measures are necessary to en-
sure their successful implementation in higher edu-
cation? 

(B)	 Do students demonstrate distinct solution strategies 
and deeper reflection when engaging with the diag-
nostic process in these games? 

METHODS

Sample and prerequisites for participation
The study involved N = 8 students (four male, four fe-
male) enrolled in a special education teacher training pro-
gram at a German university, with a mean age of M = 22 
years (SD = 1.6). At the time of data collection, stu-
dents were in their 4th semester, engaged in coursework 
on educational diagnostics. This included a lecture and 
a practice seminar focused on test theory and diagnostic 
procedures, where students practiced applying theoret-
ical content on test theory, diagnostic procedures, and 
data-based DDM using document-based case vignettes 
to strengthen their applied understanding.

Before the study, students assessed their diagnostic 
competencies using the validated DaKI self-assessment 
questionnaire (Jungjohann & Gebhardt, 2023). At the 
outset, estimating the required effort and potential costs 
was challenging, as this study was among the first to im-
plement the avatar format in teaching with university 
students. We assumed that substantial prior knowledge 
would be necessary to successfully complete the tasks. 
Selection criteria emphasized self-rated proficiency and 
confidence in educational diagnostics, as we hypothesized 
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that a positive self-concept and foundational diagnostic 
heuristics would be essential for success in the interactive 
learning environment (Zellner et al., 2024). Only stu-
dents with an above-average self-assessment score were 
included in the study (M = 4.31, SD = 0.18). All partic-
ipants engaged in two tasks: completing one case in the 
click game and another in the AI game.

Instruments
Both the click game and the AI game were designed to fol-
low the same diagnostic process, which is structured into 
four steps (based on, e.g., Bundschuh & Winkler, 2019). 
However, the games differ in their level of structure.
1.	 Step 1 - Initial Information Gathering: Students be-

gin by collecting foundational information about the 
case. This involves formulating a problem, conduct-
ing assessments, and developing initial hypotheses. 

2.	 Step 2 - Systematic Verification and Supplementa-
tion: Students systematically verify and expand upon 
the information gathered in Step 1 using a combina-
tion of formal and informal diagnostic methods. 

3.	 Step 3 - Synthesis and DDM: Students focus on syn-
thesizing the collected information into a categorical 
decision.

4.	 Step 4 - Intervention Planning: Students formulate 
specific intervention measures grounded in the diag-
nostic results and their interpretations (Hövel et al., 
2019).
The case vignettes used in the two games present  

a student with reading difficulties. Using appropriate di-
agnostics, the participants can determine that the student 
has difficulty with the phoneme-grapheme correspon-
dence of certain sound combinations. This needs to be 
automated so that students reach the next stage of devel-
opment and achieve fluent reading.

Click-based simulation game
The click game (Figure 1A) is a text-based learning format 
designed to guide students through the DDM process 
in a structured way. It is technically implemented with 
the Socisurvey software (Leiner, 2024). Students first 
receive a written introduction to the diagnostic process 
requirements within the game. They are then presented 
with a fictional case, followed by structured instructions 
and DDM questions. Responses to these questions are 
selected by clicking, allowing for an interactive learning 
experience. 

In the case scenario, a simulated teacher provides 
a  detailed case description that includes the student’s 
learning behaviors, specific difficulties, and additional 
context, such as potential distractions (e.g., motor is-
sues). After reviewing all the provided information, par-
ticipants are instructed to select an appropriate diagnos-
tic test from a  list of five options. To assist with their 
decision, students have the option to review an addition-
al support text summarizing key theoretical concepts in 
standardized testing. Of the five diagnostic tests offered, 
only one is directly relevant to the learning difficulty de-
scribed in the case, while the others are not aligned with 
the identified difficulty. The click game concludes with 
two open-ended questions that prompt participants to 
interpret the test results and propose suitable support 
measures for the student.

AI-based Pedagogical Agent
For the AI game (Figure 1B), GPTAvatar (Robinson, 
2023), an AI-based PA, designed to provide a realistic, 
interactive learning experience, is utilized. The software 
integrates automatic speech recognition to convert spo-
ken input into text, which is then processed by a Large 
Language Model (LLM), such as OpenAI GPT-4, to 

Figure 1. Interactive learning environments: (A) click-based simulation game and (B) AI-generated PA
Note: Figure 1A has been translated into English for better comprehension. The original click game is in the German language.
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generate responses. Text-to-speech technology outputs 
these responses in natural-sounding synthetic speech. 
Realistic animations and lip synchronization are powered 
by the Unity Engine and SALSA. Data collection utilized 
a desktop version of GPTAvatar (Robinson, 2023), with 
an extension that saved log data, including full dialogues 
with timestamps (Fink, 2024).

The modular architecture enables customization of 
the PA’s personality, scenario, and responses via a config 
file, allowing personalized learning environments. In this 
case, participants engaged in a simulated collegial consul-
tation with the PA, portraying “Mr. Huber,” a fictional 
teacher discussing a struggling student. The PA followed 
a pre-programmed case vignette and structured diagnos-
tic steps identical to the click game, ensuring comparabil-
ity. Strict rules defined the PA’s behavior, requiring adher-
ence to the diagnostic process, providing hints without 
directly offering solutions, and maintaining a fully verbal 
interaction. Conversations began with the standardized 
prompt: “Hello, I have a student who is struggling with 
reading. I am wondering how to support her appropriately. 
Would you have a moment to discuss the case with me?” 
After this, interactions unfolded dynamically based on 
participant input.

Participants received optional support, including 
a  brief orientation by a trained facilitator, a guidance 
document outlining the scenario and objectives, and the 
option to initiate two practice exchanges with the PA be-
fore the main session. The main session, set in an inclu-
sive school context, began with a reset and the PA’s intro-
ductory interaction. If participants struggled, a flowchart 
summarizing the four diagnostic steps and their goals was 
provided to guide them.

Questionnaire
To evaluate students’ subjective experience regarding 
their motivation, the usability of the games, and their 
perceived diagnostic skills, we employed a digital self-as-
sessment questionnaire implemented in Socisurvey 
(Leiner, 2024). The questionnaire utilized a five-point 
Likert scale ranging from “strongly disagree” (1) to 
“strongly agree” (5). The motivation scale was adapted 
from Bandura & Schunk (1981), the diagnostic skill 
scale was based on the DaKI questionnaire by Jungjo-
hann & Gebhardt (2023), and the usability items were 
derived from the TPACK model by Schmid & Petko 
(2020). Additionally, students were invited to provide 
qualitative feedback through two open-ended questions, 
allowing them to highlight particularly positive aspects 
and suggest areas for improvement.

Setting
Data collection was conducted as part of a practical sem-
inar on educational diagnostics during the final weeks of 
the summer semester in 2024. The click game was ad-
ministered two weeks before the AI game. Students com-
pleted the click game on their personal mobile devices. 
The AI game took place individually in a quiet room 
equipped with an internet-enabled laptop, speakers, and 
a microphone. After completing the AI game, students 
filled out the self-assessment questionnaire. 

Analysis
All analysis was carried out in R and RStudio (R Core 
Team, 2018). First, a descriptive analysis was conducted 
to examine overall interaction with the digital learning 
environments. The second step focused on students’ be-
havior while engaging with the games. This analysis in-
cluded quantitative variables derived from the framework 
by Heitzmann et al. (2019), such as time spent on the 
games, activity levels within the games, the efficiency and 
accuracy of diagnostic decisions, and the use of support 
measures. Qualitative data related to students’ interpre-
tations and proposed support measures were analyzed 
using a content-analytic approach. Based on predefined 
categories, the responses were coded as insufficient, suffi-
cient but not data-driven, and sufficient and data-driven. 
Coding was carried out independently by two evaluators. 
Any disagreements were discussed until a consensus was 
reached.

RESULTS

Results of interactive games
The two games differ in the level of structuring they pro-
vide for the learning process, and students varied in terms 
of time spent, the activity level, and the efficiency and 
accuracy of their diagnostic decisions.

Duration of Interactive Games
Participants required significantly more time to complete 
the click game than to work with the AI game (Figure 
2). On average, the click game took M = 10.02 minutes 
(SD = 5.26, Min = 2.05, Max = 17.1). In contrast, the AI 
game lasted M = 4.99 minutes (SD = 1.97, Min = 2.87, 
Max = 7.93). This difference in duration was statistically 
significant (p < .05) with a very large effect (Cohen’s D: d 
= 1.27). Individual students displayed variation in game 
duration of up to 304 seconds (approximately 5 min-
utes). The proportion of verbal exchanges between stu-
dents and the AI-based PA was evenly distributed, with 
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Figure 2. Duration of the interactive games.

Figure 3. Usage of the flowchart.

a consistent 50:50 ratio across all steps. Steps 1 and 2 exhibited 
the highest levels of interaction, which aligned with the observed 
time spent on these steps. Conversely, Step 3 (interpretation) 
showed the lowest interaction overall. (Figure 2).

Instructional support
Most students relied on the provided instructional aids and scaf-
folding tools, such as the flowchart, to successfully navigate the 
games and identify appropriate support measures. In the click 
game, 87.5% of students accessed additional instruction-
al materials on standardized tests. In the AI game, 75% of 
students utilized the flowchart as a supplementary guide 
and scaffolding tool. As shown in Figure 3, students ac-
cessed the flowchart on average M = 2.42 minutes after 
starting the AI game (SD = 1.73, Min = 0.65, Max = 
4.63). The flowchart was consistently used as a transition 
aid between steps. Additionally, all students used the op-
tional support provided by the AI-based PA at the end of 
each step. While some students used the PA’s suggestions 
to independently formulate their conclusions, others di-

rectly sought solutions by asking the AI questions, such 
as, “What would you do?” (Figure 3).

Quality of diagnostic decisions
Students demonstrated varying levels of efficiency and 
accuracy in their DDM across the two games. In the click 
game, all students successfully identified the correct diag-
nostic tool. On average, students selected M = 3.62 tests 
(SD = 1.06), resulting in a hit rate of M = 30% (SD = 
9.88%). In the AI game, students selected fewer tests on 
average (M = 1.25, SD = 0.46). The majority of students 
(75%) identified the correct test; one student achieved 
a hit rate of 50%, and one student failed to select a cor-
rect test. The overall hit rate for the AI game was M = 
81.25% (SD = 37.2%). A significant difference in hit 
rates was observed between the two games (p < .05), with 
a very large effect size (Cohen’s D: d = 1.88). (Figure 4).

Students’ proposed support measures and interpre-
tations were categorized as either insufficient, sufficient, 
and not data-based, or sufficient and data-based. Students 
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with sufficient and data-based interpretations responded 
e.g.,: “L. is at the late alphabetic level. She links letters to 
sounds and sounds words correctly, but has difficulties with 
reading fluency and decoding more complex sound combina-
tions such as /ie/. This makes the transition to the orthograph-
ic level more difficult for her”. In the click game, 37.5% 
of students achieved data-based and sufficient interpre-
tations, compared to 62.5% in the AI games. Responses 
classified as sufficient but not data-driven (e.g., “The girl 
shows an abnormality in letter awareness”) accounted for 
50% in the click game and 25% in the AI game. Insuffi-
cient interpretations (e.g., “Promotion of perceptual com-
petence”) were noted in 12.5% of cases in both games. 

Students with data-based and sufficient support mea-
sures answered, e.g., “1. Exercises with frequent sound com-
binations and syllable structures to improve decoding skills. 
2. Repeated reading of simple texts to increase reading speed 
3. Discussion of simple text questions to promote text compre-
hension”. In the click game, 37.5% of students identified 
sufficient and data-based support measures, compared to 
75% in the AI game. All other students in both games 
provided responses that were sufficient but not data-driv-
en, and in some cases, far removed from the case, e.g., 
“Syllable games, rhymes, primers with syllable sheets, larger 
font, hearing/recognizing vowels”.

When analyzing the participants’ overall interaction 
with the games, significant overlap was observed in the di-
agnostic pathways of most students (75%). Steps 1 (initial 
problem formulation) and 4 (support measures) showed 
the greatest homogeneity in responses. Steps 2 (informa-
tion collection) and 3 (interpretation) displayed greater 
variability, with some students achieving notably higher 
or lower hit rates and data-based sufficiency in their in-

terpretations and support measures. In line with Research 
Question B, the results show that students demonstrat-
ed deeper reflection in the AI game, as evidenced by the 
higher proportion of data-based and sufficient interpreta-
tions and support measures compared to the click game.

Self-assessment of the subjective experience  
of interaction with an AI-based PA
The questionnaire results demonstrated high internal con-
sistency across all dimensions, with a Cronbach’s alpha 
of 0.93. The diagnostic skill dimension yielded an aver-
age score of 4.06 (SD = 0.76). The motivation dimension 
scored the highest, with an average of 4.59 (SD = 0.67). The 
technology dimension received a mean score of 4.1 (SD = 
0.93). Open-ended responses highlighted several perceived 
benefits of the AI game, including the opportunity for di-
rect interaction with the PA (1 student), the ability to ask 
questions without requiring extensive prior knowledge (6 
students), individualized responses (2 students), and the 
structured flowchart provided (1 student). Students also 
suggested areas for improvement, including clearer guid-
ance and examples of potential interactions with the PA (6 
students), as well as a dedicated space for recording infor-
mation during the activity (1 student). By this, participants 
referred to short prompts illustrating possible student–
agent dialogues, such as asking for clarification, proposing 
a test, or requesting additional case information.

DISCUSSION

The click game and AI game on DDM, as described 
in this study, effectively support the development of 
diagnostic skills and strategic knowledge, particularly 

Figure 4. N and proportional hit rate.
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in applying heuristics and structured diagnostic proce-
dures (Förtsch et al., 2018; Stark et al., 2011) within 
a university context. Feedback from students who test-
ed both systems indicated a high level of satisfaction, 
aligning with previous research showing increased mo-
tivation for interactive and AI-learning environments 
(e.g., Kim, 2009). The implementation of both games 
exceeded expectations from both pedagogical and tech-
nical perspectives. 

Quality of diagnostic decisions
Despite their prior confidence in diagnostic abilities (M 
= 4.31, SD = 0.18) and foundational training in diagnos-
tic basics, students initially demonstrated lower-than-ex-
pected efficiency and accuracy in DDM. The quality of 
decisions varied significantly across processes and tools, 
reflecting a gap between theoretical knowledge and prac-
tical application, particularly in problem recognition and 
DDM quality (Fischer et al., 2014).

Significant variation was observed in the choice 
of diagnostic tools, the quality of interpretation, and 
overall diagnostic outcomes among participants. In 
the click game, no student achieved 100% accura-
cy in test selection, with an average hit rate of 30%. 
Conversely, in the AI game, six students achieved 
perfect scores, leading to a higher mean hit rate of 
81%. These findings suggest that the type of learn-
ing tool influences diagnostic performance, although 
a sequence learning effect cannot be ruled out. Par-
ticipants who performed poorly in the click game of-
ten showed improvement in the AI game, while one 
high-performing click game participant struggled 
with the less structured and faster-paced AI game en-
vironment. Students’ familiarity with the click game’s 
format may encourage experimentation, resulting in 
lower hit rates, while the AI game’s novel methodol-
ogy and interactive dialogue may prompt more cau-
tious, accuracy-focused behavior.

Students generally excelled at problem-solving but 
struggled with recognizing and accurately identifying 
problems. Data-driven, case-appropriate interpretations 
were more common in the AI game, whereas the click 
game often yielded sufficient but less evidence-based 
interpretations. These challenges underscore the diffi-
culty of integrating theoretical knowledge with diag-
nostic data and prioritizing interventions when multi-
ple issues arise (Tönnissen & Hövel, 2022). A lack of 
evidence-based DDM compromises support measures, 
which must adhere to high-quality standards (Geb-
hardt, 2024).

Structuring and Scaffolding  
in the Learning Environments
Students required structured guidance in the AI game, 
particularly when transitioning between steps in the di-
agnostic process. The flowchart was frequently used as 
a transitional aid, particularly when transitioning from 
test results to data-driven interpretations. Many appre-
ciated the ability to ask questions and use the flowchart, 
which resulted in increased confidence and clarity. This 
aligns with research showing scaffolding enhances auton-
omy, albeit with varying effects (Heitzmann et al., 2018; 
Stark et al., 2011). Notably, two students navigated the 
diagnostic process without the flowchart, indicating that 
prior training may have enabled them to internalize the 
steps. However, the variation raises the question of why 
some students were able to work independently while 
others depended on support. It is also unclear whether 
students used the flowchart out of necessity or as a safe-
guard due to insecurity.

Efficiency of the games
The AI game resulted in more efficient and accurate diag-
nostic decisions in less time compared to the click game. 
Students spent significantly less time in the AI game (M 
= 4.99 minutes, SD = 1.97) than in the click game (M 
= 23.12 minutes, SD = 13.57), despite the additional 
time required for verbal exchanges with the AI and its 
integration with advanced tools such as ChatGPT and 
speech recognition. Verbal case handling in the AI game 
was faster and more effective, aligning with findings that 
diagnosing virtual actors is quicker than menu-based cas-
es (Fink et al., 2021).

Students noted that the fleeting nature of AI inter-
actions sometimes hindered reflection, underscoring the 
need for tools to facilitate revisiting conversations. How-
ever, the results suggest that shorter engagement does not 
compromise learning outcomes. Although the click game 
required more time, the AI game led to higher-quality 
interpretations and support measures, with 75% of par-
ticipants formulating data-driven, case-appropriate mea-
sures compared to 25% in the click game. This supports 
Reimer et al.’s (2007) conclusion that reliable decisions 
depend more on the quality of evidence than its quanti-
ty. The difference lies in the approach: the click game is 
pre-structured and knowledge-based, encouraging partic-
ipants to think before acting, whereas the AI game fosters 
intuitive, self-regulated engagement. By prompting par-
ticipants to verbalize their thoughts and interact with the 
AI, the game reduces the cognitive load associated with 
independent problem-solving. Consequently, the AI game 
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emphasizes the entire diagnostic process, including its in-
terrelationships, more holistically than document-based 
case vignettes (Heitzmann et al., 2019; Kim, 2009).

LIMITATIONS

Although reality and student learning are more complex 
than any simulation can fully capture, students exhibited 
similar patterns of behavior across the games. Simulations 
are often critiqued for oversimplifying the complexities of 
real-world situations and the multifaceted nature of stu-
dent learning (e.g., Südkamp et al., 2012). Furthermore, 
for computational reasons, this study categorized respons-
es as either correct (1) or incorrect (0). In reality, responses 
often fall within a spectrum, being neither wholly correct 
nor entirely incorrect. Another limitation concerns the 
small sample size (N = 8). The experimental design of the 
study justifies the reduced number of participants but also 
restricts the generalizability of findings. Results should 
therefore be interpreted as indicative rather than represen-
tative. There may also be a sequential effect, as all partic-
ipants played the click game first and then the AI-based 
game. This order may have influenced the outcomes, for 
example, by fostering a deeper understanding of the diag-
nostic process through the initial task, which could in turn 
enhance subsequent performance in the AI-based game. 
Future studies will randomize the order of gameplay. Fi-
nally, this study does not address the long-term impact of 
such training on students’ diagnostic competencies. The 
results provide initial insights into short-term processes; 
however, longitudinal research is necessary to determine 
whether the observed learning effects persist over time and 
are effectively transferred into practice.

CONCLUSION AND FURTHER RESEARCH

In summary, all participants successfully engaged in both 
learning environments, confirming the feasibility of the 
approach and its potential for innovation in teaching and 
assessment. We anticipated similar performance in the 
pre-structured click game and more variable outcomes 
in the open AI game. However, the findings indicate 
that differences between the two games emerged mainly 
in the time taken to complete tasks. Nevertheless, diag-
nostic quality differed between the two tools, too, with 
higher accuracy in the AI game than in the click game. 
This suggests that prior knowledge and established ac-
tion templates supported students in making structured 
and accurate decisions, even in more complex scenarios. 
These results highlight the value of integrating traditional 

learning strategies into immersive environments, which 
can deepen learning and enhance success (Makransky 
et al., 2019). The structured progression of the exercises 
appears to have contributed to their accessibility and ef-
fectiveness, as all participants entered with a high level of 
prior knowledge. 

Since only students with high self-assessed diagnos-
tic competence participated in this study, the variation 
within this group is noteworthy: 75% required addition-
al support during the AI game in the form of written 
guidance. This indicates that performance depends not 
only on the learning tool but also on individual learn-
er characteristics. Whether these differences stem from 
cognitive load, varying degrees of technical familiarity, 
or other factors should be examined through systematic 
follow-up studies.

The AI-based PA performed effectively, primarily 
due to the rigorous engineering of prompts. One minor 
technical issue arose with the speech recognition software 
when a participant spoke in a dialect; however, this is 
likely to have had no significant impact on overall per-
formance. Ongoing improvements in such technologies 
should further mitigate these challenges. Both the click 
game and AI game demonstrate potential as educational 
tools, training resources, and methods for quantitative 
research. They offer resource-efficient solutions for col-
lecting and analyzing diagnostic applications while creat-
ing engaging and interactive teaching-learning environ-
ments. Future research should explore the potential of 
these interactive learning environments, particularly the 
AI-based PA, with larger and more diverse samples. 
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