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Background 
Clinical reasoning (CR) is a cornerstone capability for health professionals, yet its underlying 
cognitive processes are inherently difficult to observe and assess (Lee et al, 2013). Health 
professional education (HPE) programmes employ a range of pedagogical strategies, such 
as problem-based learning and clinical placements, to develop this capability (Edgar et al, 
2023; Rudland et al, 2025). While these approaches support learners’ engagement with 
clinical problems, they primarily emphasise observable performance outcomes rather than 
the cognitive processes that drive decision-making (Daniel et al, 2019). 

Simulation-based education (SBE) is widely used to develop CR by placing students in 
realistic clinical scenarios that require decision-making, consequence evaluation and 
reflection (Durning and Artino, 2011; Edgar, Chong et al, 2024). However, in such situations, 
the process of CR is not visible for teachers, assessors and the students themselves 
(Audétat et al, 2017).  

One approach to making these processes visible is process mapping. This method captures 
and visually represents CR in the form of maps (Corrigan, 2001) supporting more focused 
reflection and targeted feedback by making CR visible in SBE. Feedback in SBE is a core 
element of these learning activities and is often embedded as structured debriefing, where 
students explore the relationships among events, feelings and performances (Eddy et al, 
2013; Fanning and Gaba, 2007; Rudolph et al, 2007). Whether facilitated or self-guided, this 
is a reflective element of SBE that is critical for learning (Issenberg et al, 2005; Motola et al, 
2013). Process mapping could enhance this process; however, its implementation requires 
substantial time, resources and expertise, limiting its scalability in routine educational 
practice.  

With the rapid emergence of artificial intelligence (AI), attention has shifted to its potential to 
support timely, scalable and personalised feedback (Chan and Hu, 2023; Lee and Moore, 
2024; Shi and Aryadoust, 2024). Despite this growing interest, little is known about the 
feasibility and trustworthiness of AI-generated process mapping. Integrating AI-generated 
process mapping in SBE may yield novel opportunities to surface learners’ clinical reasoning 
processes and enhance feedback processes while reducing resource burden. 

This study aimed to explore the feasibility of developing AI-generated process mapping as a 
methodological approach. Specifically, it investigated the trustworthiness of AI-generated 
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annotations and visualisations of CR, using expert-generated outputs as a benchmark. It 
was guided by two research questions:  

+ Can AI-generated annotations reliably identify components of CR in process mapping 
transcripts?  

+ Can AI-generated process maps validly represent CR pathways in a way that aligns with 
expert judgement? 

Approach 
This case study drew on an established process mapping methodology that involved 
analysing interview transcripts and generating visual process maps. A combination of 
quantitative and qualitative approaches was used to assess the trustworthiness of AI-
generated process maps. Reliability of outputs was assessed using statistical analysis, and 
validity was examined qualitatively through expert review. 

The study was conducted in the context of a CR simulation, which has previously been used 
as a case example in research on process mapping methodology (Edgar, Estaphan et al, 
2024). To focus on methodological trustworthiness, synthetic transcripts were used. This 
allowed full control over transcript structure and content, which is helpful when evaluating AI-
generated annotation and process mapping. This approach is consistent with both ethical 
and common practice in AI development (Hao et al, 2024; Whitehouse et al, 2023). 

To generate synthetic transcripts, a researcher simulated a student and responded to 
process mapping interview questions developed in a previous study. This initial transcript 
was then provided to GPT-4o1 (OpenAI, California, USA; hereafter referred to as the LLM) 
to generate synthetic transcripts. Three transcripts were generated, which aligns with prior 
methodological work using the same simulation assessment and number of transcripts. The 
research team then reviewed the transcripts and adjusted wording where needed to better 
reflect the clinical context – for example, changing ‘measurement of refractive error’ to 
‘refraction’ (Kumar, 2024). 

Next, the transcripts were annotated by both humans and the LLM using a structured 
codebook from a previous study (Edgar, Estaphan et al, 2024). Annotation work is typically 
an iterative coding process (Chun Tie et al, 2019; Glaser and Strauss, 2017). The LLM then 
used these annotations to generate Mermaid.js scripts, which were rendered in a compatible 
diagramming tool to produce visual process maps of the reasoning pathway. To support 
accurate AI-generated annotation and process mapping, the study followed published best 
practices, with the workflow summarised in Figures 1 and 2 (Birks et al, 2008; Edgar, 
Estaphan et al, 2024; Jiang et al, 2025; Törnberg, 2024). 
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Figure 1. The steps for human and AI-generated annotations 
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Figure 2. The steps for human and AI-generated process maps 
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To evaluate the reliability of AI-generated annotations, two types of comparison were 
conducted. R Studio was used to analyse agreement in the categorical data (RStudio Team, 
2024). Intra-rater reliability was examined to determine whether the LLM produced 
consistent annotations when the same transcript was processed three times under identical 
conditions. This was assessed using percentage agreement (Ahmed and Ishtiaq, 2021; 
Munro, 2005). Inter-rater-reliability compared AI-generated annotations with human-
generated annotations using Cohen’s Kappa (κ) for alignment between AI and human-coded 
transcripts (Brennan and Prediger, 1981; Edgar et al, 2022).  

Kappa values were interpreted as follows: near perfect (>0.81), substantial (0.61-0.80), 
moderate (0.41-0.60), fair (0.21-0.40), slight (0.00-0.20), and poor (<0.00) (Ranganathan et 
al, 2017). Discrepancies between annotations were analysed and discussed. For each 
transcript, Cohen’s Kappa (κ) was calculated for every AI run, resulting in three κ values per 
transcript and a mean Kappa.  

Because process mapping is still a new method in health professions education, the validity 
assessment was informed by related methodological guidance (Ahmed and Ishtiaq, 2021; 
Edgar, Estaphan et al., 2024; Markham et al, 1994). Process mapping and concept mapping 
both visually represent cognitive structures, although they are not identical methods. Given 
these similarities, the authors drew on approaches used in concept mapping research to 
assess validity in process mapping (Markham et al, 1994). Internal representational validity 
was assessed by a researcher with expertise in process mapping, who compared all AI-
generated maps with the corresponding human-generated maps (Rosas and Kane, 2012). 
The aim was not to identify a single correct map, but to examine how closely the AI-
generated maps matched the overall structure of the human-generated maps and whether 
they adequately represented participants’ judgments.  

Outcomes 

Main findings 
The main finding was that the AI could generate annotations and process maps that were 
often similar to those produced by human experts, although performance varied across 
transcripts. Across repeated runs, AI agreement was stronger for Transcripts 1 and 3 and 
notably weaker for Transcript 2, the shortest transcript (Table 2). A similar pattern was seen 
when AI annotations were compared with expert annotations: overall agreement was 
moderate, with stronger agreement for Transcripts 1 and 3 and lower agreement for 
Transcript 2 (Table 3). 
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Transcript 
Percentage of annotation 
agreement (SD) 

Percentage of sub-
annotation agreement 
(SD) 

Transcript 1 86.90 (29.17) 78.57 (35.39) 
Transcript 2 37.50 (20.41) 23.61 (28.62) 
Transcript 3 90.48 (23.61) 72.22 (34.47) 
Mean 71.63 (32.79) 58.13 (27.48) 

 
Table 2. AI agreement across the three runs and transcripts 

 

Transcript 
Annotation Kappa Mean 
(SD) 

Subannotation Kappa 
Mean (SD) 

Transcript 1 0.65 (0.05) 0.67 (0.05) 
Transcript 2 0.29 (0.14) 0.31 (0.15) 
Transcript 3 0.79 (0.03) 0.56 (0.07) 
Overall 0.58 (0.25) 0.51 (0.18) 
Note: Cohen’s Kappa is computed across three runs per transcript. 

 
Table 3. Mean Cohen’s Kappa between three AI runs and expert annotations by transcript 

This variation is important. It suggests that AI-generated annotation may work better when 
transcripts are more developed and clearly structured, and less well when responses are 
shorter or more uncertain. The lower performance for Transcript 2 therefore does not 
weaken the study; rather, it provides a more realistic picture of where this approach may be 
more or less reliable. 

Figure 3a shows the human-generated process maps for Transcript 1, and Figure 3b shows 
the corresponding AI-generated maps. Although some differences were present, the overall 
structure of the maps was similar, and both represented a reasoning pathway leading to a 
clinical decision. This supports the potential of AI-generated process maps as a way to 
make learners’ reasoning more visible. 
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Figure 3a. Human-generated process mapping 
Figure 3b. AI-generated process maps 

Key messages and transferability 
In conclusion, these results indicated moderate overall inter-rater reliability. Substantial 
agreement was achieved for Transcripts 1 and 3, whereas Transcript 2 showed only fair 
agreement. Of the three generated transcripts, the second, which was produced using a 
prompt specifying that the student had some level of uncertainty, was approximately half the 
length of the first and third transcripts. The short transcript had lower agreement in intra- and 
inter-rater analysis. This suggests that certain transcripts may inherently align better with AI 
processing, possibly due to the clarity and structure of the content or the cognitive process 
depicted in the transcript.  

Future research could investigate optimal transcript length or structure, as well as explore 
whether variation in CR expertise among students influences AI performance. Regardless, 
as a first step, our results demonstrated that AI-generated annotations and visual mapping 
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were broadly comparable to those produced by experts confirming feasibility for further 
investigation of AI-generated process mapping integration into the SBE debriefing/feedback 
phase. 

Institutions wishing to replicate this approach should also consider the time and expertise 
required. Although AI may reduce some manual work, implementation still depends on 
transcript preparation, prompt refinement and expert review of outputs. At this stage, the 
approach is best seen as supporting educator feedback rather than replacing it. 

In practice, AI-generated maps could be integrated into the debriefing/feedback phase of 
SBE, to facilitate feedback that is detailed, timely and meaningful. Previous studies 
integrating AI with SBE have largely focused on assessing students’ CR against a 
predefined framework, often classifying transmitted information (marks, comments, prompts) 
as feedback (Brügge et al, 2024; Furlan et al, 2022; Furlan et al. 2021). In contrast, process 
mapping makes explicit the student's own reasoning process, potentially enabling effective 
self-reflection, personalised learning and hence a deeper engagement with feedback. The 
aim is not to replace human judgement but to augment it by enhancing the visibility of the 
notoriously complex cognitive processes that underpin CR for both learners and educators. 
(Bearman and Luckin, 2020)  

With the considered alignment to organisational policies and the ethical use of AI, exploring 
these threads further may uncover how to support learning CR with SBE. While relying 
solely on AI with the entirety of the feedback/debriefing phase presents ethical, pedagogical 
and technical challenges (Corbin et al, 2025), the value of AI may lie in “augmentation”, 
rather than substitution, helping students to improve their capacity to learn.  
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