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Abstract: Debriefing is essential for the effectiveness of simulation-based training but is generally
considered resource-intensive. Generative Artificial Intelligence (GenAI)-based debriefing can be an
alternative to human debriefers. However, there is no research yet whether GenAI chatbots can take
up this role and how learners react to them. This paper presents a qualitative analysis of a debriefing
following a counseling training conducted in Virtual Reality (VR) with the support of a GenAI
chatbot. The debriefing helped students to analyze their experiences and application of consulting
techniques. The analysis of the chatlogs (n = 22) are focused on the role conformity of the bot and the
students’ ability to reflect their behavior within VR. The results revealed the chatbot’s strong role
conformity but also its tendency for overly complimentary answers. However, this bias does not seem
to influence students’ self-reflection. Instead, they maintained a self-critical attitude. Future research
on AI-assisted debriefing could expand on these findings in related areas.
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1 Introduction

Effective learning through simulations and serious games critically depends on the structured

processing and transformation of experiences in subsequent debriefing sessions [Cr23]. The

pedagogical value of even the most technologically and aesthetically advanced simulations

can only be fully realized when learners are given the opportunity to reflect systematically

on their actions and decisions. As argued by [Th90], such reflective engagement serves as a

central mechanism for integrating experience into meaningful knowledge structures and

facilitating transfer to novel contexts.

Despite its recognized importance, debriefing—particularly in Virtual Reality (VR) and

simulation-based learning environments—remains a resource-intensive practice, often

constrained by the limited availability of trained facilitators [MHC07]. While research on

simulation-based debriefing is steadily growing, it remains fragmented across domains, with
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the healthcare sector currently at the forefront of empirical and conceptual developments

(e. g., [DY14; Fa24; Ga15; Lu21]).

Recent advancements in generative artificial intelligence (GenAI), especially in the form of

large language model (LLM)-based chatbots, offer new opportunities to support reflective

learning processes at scale. These systems may be capable of simulating debriefing dialogues

that approximate human-facilitated reflection. The present study investigates this potential

by examining the chatbot’s ability to maintain role conformity in the function of a debriefer,

as well as students’ responses to and engagement with such AI-mediated interactions.

2 Background

2.1 Debriefing

The integration of a debriefing following the actual learning situation has long been an

essential component in educational contexts, even before the availability of simulations in

VR. Research on simulation games and role-playing has already shown that meaningful

learning effects cannot be achieved merely by exposing learners to a model of reality that is

both appropriately complex and authentic. Rather, in addition to providing complex learning

scenarios, simulation game instructional frameworks – such as the design of an effective

debriefing for reflection and learning transfer – are necessary to transfer the experiences

from the simulation games to real-world professional practice [KS07]. The simulation game

method is particularly well-suited for developing competencies, as it applies the principles

of problem-based learning. Learners are confronted with complex and authentic situations

that enable experiential learning. It is essential that learners engage in cooperative learning

through team-based action and receive appropriate support from the instructor – including

in the form of joint reflection. Notably, the aspect of collective reflection directly relates

to the debriefing process. Accordingly, [KS07] emphasizes that only knowledge acquired

through reflection can be transferred to unfamiliar domains. It follows that especially when

learning through online courses or acquiring competencies within virtual reality simulations,

the content to be learned needs to be reviewed and discussed in a debriefing afterward.

Debriefing can generally be conducted in two fundamentally different ways: as a guided

reflection or as a self-debriefing. Additionally, these two methods can be varied by factors

such as the number of participants, the instructions, technical aids, or even the instructor

themselves (e. g. [DY14; Fa24; Lu21]). In guided debriefing, the instructor moderates the

process by posing questions related to the pre-defined learning objectives. Particularly

for inexperienced learner groups, facilitating the reflection process seems to be of great

importance [KS07]. According to [Th11], this type of debriefing is considered the most

suitable reflection method. A review of literature reveals that guided debriefing is indeed

the most frequently used method (see [Bo11; Ti13; TTH15; Ve18]); however, there is no

empirical evidence indicating that this method is also the most effective [DY14]. In contrast,
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unguided debriefing allows learners to reflect on their learning experiences independently

and self-organized, for example, within a group setting. Studies show that there is no

statistically significant difference between guided debriefings and self-debriefings. Both

methods lead to performance improvements [Bo11; Bo13].

In addition to comparing guided and unguided debriefings, several studies have examined

variations in specific debriefing aspects. For instance, some studies compare the effectiveness

of asynchronous debriefings [At21], or video-assisted debriefing [Gr10]. These studies

further confirm the finding that any form of debriefing has positive effects on performance.

The only factor that appears to lead to significant differences in debriefing quality is

the instructor’s skill as a debriefer [Ti13; TTH15]. Studies focusing on the debriefing

of simulations are, as previously mentioned, primarily found in the healthcare sector. A

literature review by [DY14] indicates that research on post-simulation debriefings is still

in its infancy. The researchers identified only 13 articles that either compared various

debriefing strategies or examined student perceptions of debriefing. The relatively limited

amount of relevant research literature is further supported by the reviews of [Ga15] and

[Lu21], who describe eight and seven articles, respectively, comparing different debriefing

strategies or explored student perceptions of debriefing.

It can be stated that post-simulation debriefing plays a crucial role in learning. Research

indicates that debriefing can be resource-intensive, depending on the format, and that no

single method has been proven more effective than others to date [DY14]. This highlights the

significant potential for further exploration of different debriefing methods. The following

sections will explore the potential use of AI in the context of debriefing. The focus will

first be on GenAI Chatbots, followed by an examination of their potential application as

debriefers.

2.2 Chatbots

While scripted Chatbots have been around for decades, AI-based generative Chatbots have

taken off only recently, notably with the publication of ChatGPT in late 2022 [Wa24]. These

types of chatbots are large language models (LLMs), meaning they have been fed large

amounts of text-data to analyze the likelihood of words occurring together, and use those

likelihoods to be able to generate new coherent sentences [Na23].

Researchers from varying fields have investigated the use of GenAI-chatbots in education.

[Ho23] identifies authentic language use as a key benefit that GenAI offers for language

teaching, in addition to personalized tutoring via AI. [CH23] find in a survey that university

students in Hong Kong hold generally positive attitudes towards GenAI in teaching and

learning and would like to integrate them into their learning practices, for example for

personalized feedback. However, many students seemed concerned about topics like privacy,

ethics, and transparency when handling GenAI, as well as over-reliance on AI-technology

and the degradation of skills accompanied by it [CH23]. [SQ24] show that texts that ChatGPT
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generated for potential use in climate change education were scientifically accurate, but

did not address certain economic activities and actors that contribute to increased carbon

emissions. Overall, educators seem to have mixed experiences with GenAI, with tertiary

education being the main focus of research up to this point [JLC23; Kh22]. The present

paper attempts to expand upon this body of research by introducing a GenAI chatbot as a

conversational partner to training for counsellors.

Utilizing GenAI chatbots as conversational partners in education might lead to a few

problems. For educators, it might be difficult to use and teach a technology that they

themselves are still unfamiliar with [Ng23]. For learners, the heavy amount of cognitive

offloading afforded by assisting chatbots may lead to a lack of own contributions, possibly

resulting in placebo effects when learning [Sk24]. The following section will go into more

depth on using chatbots during debriefings of training interventions where these challenges

need to be kept in mind.

2.3 Chatbots as Debriefers

As stated earlier, debriefer skills are essential for debriefing quality [Ti13; TTH15], so the

question is whether current GenAI chatbots are performant enough to fill in the debriefer

role. Debriefing requires a dynamic interaction between the debriefer and the learner that

relates back to the VR simulation. The debriefer’s role, therefore, requires going on tangents

in a conversation and coming back to maintain the overall thread of conversation. While

LLMs can be used to generative one-off texts like feedback [Da23] or test questions [Le24],

it is more of a challenge to set up LLMs in such a way that they can hold up a complex

conversation over a longer period [Ji24]. For AI-led debriefing the question arises whether

role adherence is good enough to reach a sufficient quality.

Sycophancy, an LLM’s tendency to generate output that agrees with or pleases the user,

could be a further issue in the context of debriefing. This phenomenon might have adverse

effects on perceived authenticity and trust [SW25]. Authenticity and trust are key factors not

only in successful counselling, but also for debriefings [Ro57; Ro62; SFE16]. As debriefing

requires the critical reflection of the learner’s experience and actions, it would not be

beneficial to the learning process to have an overly positive and uncritical chatbot debriefer

[Ma24]. It is therefore vital to evaluate chatbot debriefers for this tendency.

However, even if the chatbot did not adhere to the role perfectly or displayed sycophantic

or other awkward behavior (e. g., overly praising the learner or breaking the role), this

would not necessarily mean it could not be used for debriefing as learners themselves could

mitigate these weaknesses to some degree [Ji24]. The evidence that self-guided debriefing

can be equally effective indicates that learners can take on responsibility for the debriefing

process and that the quality of the debriefing does not only depend on the debriefer (human

or AI) but also the learner. The responsibility for the debriefing process can be shared
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between learner and AI [JNH23; Mo22]. Nonetheless, there is little research on how learners

interact with GenAI chatbots and whether learners can amend chatbot weaknesses.

There is research showing that learners have difficulty to prompt chatbots effectively [Za23]

and that they do not use chatbots as a dialogue partner but rather an information source

[Kl24]. When students interacted with a chatbot versus a peer in problem-solving task, it

was found that they interacted less dialogically and more predictably with the chatbot than

with the peer, but preferred the chatbot nevertheless [So25]. Based on these findings, it

could be expected that students do not easily engage in a fluent debriefing conversation and

amend chatbot weaknesses.

2.4 Research Questions

In this article, we aim to investigate the extent to which GenAI chatbots can be utilized for

post-simulation debriefings in educational contexts and thus represent a resource-saving but

still significant alternative to classic debriefings. When analyzing the chatlogs, we focus on

the aspects of debriefers’ role conformity and student behavior: (1) Does a GenAI chatbot

maintain its role as a debriefer? (2) How do students interact with the chatbot debriefer?

3 Methods

3.1 Procedure

The study was conducted as part of a VR training aimed at enhancing counseling skills

among participants. The training session took place in a controlled lab setting, where

participants engaged in a simulated counseling interaction with a standardized client (avatar)

within a VR environment. Prior to the training, participants were informed about the study

and asked to provide informed consent. They were then assigned a unique pseudonym code

to ensure anonymization throughout the study.

After completing a pre-questionnaire, participants received instructions on operating the

VR equipment and were introduced to the counseling case. They then entered the VR

environment using a head-mounted display and interacted with the virtual client for

approximately 20 minutes. Participants applied previously learned techniques such as

summarizing and asking open-ended questions during the consultation.

Following the VR session, participants completed a second questionnaire. Subsequently,

they took part in one of two types of debriefing: either a guided debriefing led by a trained

facilitator or a structured, GenAI chatbot-based debriefing. As we are only referring to

chatbot-based debriefing in this article, we will only describe this in the following. The

chatbot’s task was to guide the test participants through the debriefing. The chatbot should
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follow a pre-coded protocol aligned with the three-phase debriefing model [PFS16]. To

enable authentic communication with a role-conforming chatbot, we tested several system

prompts in advance. In doing so, we tested many slightly varied prompts and used different

LLMs. We optimized our prompt in iterative process loops with several research assistants

and student participants. The system prompt employed in this study is documented in

the online appendix [Ev25]. For the underlying model, we selected Meta Llama 3.1 8B

Instruct, as it demonstrated robust performance despite its relatively small parameter size.

Temperature and nucleus sampling were both set to 0.5 to enable sampling beyond the most

common word while retaining some level of coherence in the chatbot’s responses. The study

concluded with a final post-questionnaire and informing the participants about the study

objectives.

To evaluate the effectiveness of the training, participants’ self-efficacy and counseling

competence were assessed at all measurement time points. These constructs were selected

as key indicators of participants’ confidence in their own counseling abilities and their

perceived skill development through the VR-based learning experience. Self-efficacy and

counseling competence were measured using scales based on [He09]. In addition, the third

measurement time point also included participants’ perception of the debriefing experience,

which was assessed using the Debriefing Experience Scale (DES) developed by [Re12].

The participants were able to start the debriefing with the chatbot themselves. They used a

laptop provided by us for this purpose. Next to them was a written guide with instructions

(e. g., “Be as detailed as possible and give specific examples.”), which they had to follow

during the 20-minutes conversation.7 The study concluded with a final post-questionnaire

and informing the participants about the study objectives.

To evalutae the effectivness of the training, participants’ self-efficacy and counseling

competence were assessed at all measurement time points. These constructs were selected

as a key indicators of participants’ confidence in their own counseling abilities and their

perceived skill development through the VR-based learning experience. Self-efficacy and

counseling competence were measured using scales based on [He09]. In addition, the thied

measurement time point also included participants’ perception of the debriefing experience,

which was assessed using the Debriefing Experience Scale developed by [Re12].

3.2 Participants

Participants were students at a large university in Germany enrolled in a higher education

counseling training seminar. All participants had prior exposure to theoretical knowledge of

counseling techniques. The final sample consisted of 46 persons, of which 22 were randomly

assigned to the chatbot condition. Of these 22 (age M = 23.3; SD = 4.3), 20 were female

and 2 were male.

7 The full guide can be accessed via [Ev25].
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3.3 Data Analysis

The chatlogs of the 22 dialogs were saved and analyzed according to the principles of

qualitative content analysis [KR20]. Two distinct coding schemes were developed by

two experienced scientists for this purpose, one relating to research question 1, i. e., role

conformity, and another one relating to research question 2, i. e., student behavior. Both

coding schemes were applied using MAXQDA. The first coding scheme assessed whether

and how the chatbot adhered to its predefined role as a debriefer, based on the three-phase

model of debriefing by [PFS16]. Furthermore, this coding scheme captured structural

elements of the chatbot’s language and behavior. The second coding scheme assessed how

participants reflected on their counseling experience and the debriefing process. All codes

were inductively developed based on recurring themes in the participants’ written responses.

The tables each contain a brief description of the (sub-)code, one or more direct quotes from

the chatlogs for each code, and the cumulative number of mentions across all chatlogs.8

After the study, two experienced research assistants independently examined the chatlogs

according to the (sub)-codes contained in the coding schemes. More than a third (n = 8)

were double-coded by the assistants. The interrater reliability of κ = .82 is in the acceptable

range [Co68; Ku19].

We supplemented our qualitative data from chatlogs with one item of the Debriefing Scale

([Re12] from the final questionnaire, in which students were asked to rate their agreement

to the statement “The chatbot provided adequate guidance during the debriefing” on a

Likert-scale from 1 (totally disagree) to 5 (totally agree).

4 Results

The following results section presents the qualitative analysis of the chatlogs, focusing

on the chatbot’s role conformity and students’ behavior. A total of eighteen categories,

including subcategories, were identified for role conformity, and fourteen categories for

students’ behavior, using both deductive and inductive approaches. Due to the large number

of categories, the complete tables containing all codes and exemplary quotes for each code

are provided in the online appendix. Tables 1 and 2 are intended to illustrate exemplary and

interesting results of the qualitative analysis.

4.1 Chatbot‘s Role conformity

In terms of role conformity, the chatbot adhered to most of the required steps outlined in

the system prompt. In all but one chat, it introduced itself as the debriefer. Notably, in one

8 The complete tables with codes and subcodes can be found at [Ev25].
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case the participant did not enter the designated keyword “start” to initiate the debriefing

as recommended. This likely caused the opening of the debriefing to deviate from the

system prompt, as seen in the example: “Thank you for being willing to speak with me.

I hear that you are feeling [. . . ] a bit overwhelmed after completing the VR training.”

Interestingly, despite this deviation, the chatbot proceeded with the debriefing according

to the three-phase structure. Despite the presumably less authentic communication, this

student rated the chatbot-guided debriefing as highly appropriate, giving it a 5 out of 5.

The other participants also provided consistently positive ratings (M = 4.33, SD = 0.58).

After its introduction, the chatbot outlined the debriefing process in all cases and guided

the conversation through the respective phases using appropriate transitions. Remarkably,

only in transcript SD10 did it explicitly conclude the reaction phase with the statement:

“This is the conclusion of the reaction phase.” In contrast, transitions to the understanding

phase (
∑

= 21; 16/22) – the symbol
∑

represents the total number of mentions across

all chat transcripts, while the fraction (x/22) indicates the number of chat transcripts in

which this specific (sub)code appears – and summary phase (
∑

= 14; 14/22) occurred more

frequently. As the conversation progressed, the chatbot’s outputs primarily focused on

prompting reflection on the learning content (
∑

= 236; 22/22). For example, it asked: “We

have learned three techniques: summarizing, paraphrasing, mirroring, I-messages, and

questioning techniques. Which technique did you find most difficult or most interesting?” In

addition to reflecting on conversation techniques, applying learned content to real-world

practice was a key objective of the debriefing. The chatbot facilitated this transfer (
∑

= 86;

19/22) by posing targeted questions such as: “Which aspects do you think are most important,

and how can you integrate them into your counseling practice?” It is also noteworthy that

the chatbot actively addressed students’ emotions. This was achieved, in part, through direct

inquiries about their emotional state, as illustrated in table 1. In fact, all chatlogs included at

least one such inquiry. Moreover, in sixteen transcripts (
∑

= 39) the chatbot demonstrated

attempts to convey understanding or empathy in response to students’ input (see Table 1). In

the final phase of the debriefing, students were expected to summarize their key takeaways.

The chatbot frequently facilitated this process by posing targeted questions such as: “What

are the key insights you can take away from this debriefing?” In some instances, it also

generated independent summaries of students’ responses (see Table 1). Across eighteen

transcripts, the summarization phase was explicitly referenced 38 times.

Beyond the content-driven aspects of the chatbot debriefer, which were shaped by the system

prompt, certain chatbot-specific characteristics may have contributed to a perception of

inauthentic communication. For instance, twelve transcripts (
∑

= 28) contain stage directions,

such as: “(Pause to give the student time to collect their thoughts and mention key points.)”

These instructions typically appeared after the chatbot posed a question. Authenticity in

conversation can also be disrupted by the chatbot’s tendency toward sycophantic behavior,

as discussed in Section 2.3. This is particularly evident in its overly enthusiastic responses,

which appear in every chatlog. For example, it frequently used adjectives such as interesting

(
∑

= 30; 13/22), awesome (
∑

= 67; 19/22), fantastic (
∑

= 5; 3/22), and very good (
∑

= 40;

13/22). As shown in table 1, the word important appears 156 times across 21 debriefings.
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Codes and Subcodes Examples

Asks about emotions (
∑

= 35; 22/22) Let’s dive deeper into your feelings. How
did you feel when you began to understand
the situation better and started applying the
counseling techniques? Did you feel more
confident, or were there still uncertainties?

Expresses empathy (
∑

= 39; 16/22) It is understandable that you didn’t think
about taking notes in that situation. The
situation was complex, and you were focused
on communicating with the client.

Summary of key findings (
∑

= 38; 18/22) Let’s now summarize what we have dis-
cussed:
• You felt comfortable while conducting

the VR training.
• [. . . ]

Uses adjective “important” (
∑

= 156; 21/22) That is an important step toward becoming
a successful counselor.

Tab. 1: Exemplary codes for role conformity (
∑

= number of mentions across chatlog files; x/22 =

share of chatlog files with this (sub)code)

Additionally, the chatbot exhibited repetition within individual conversations. For instance,

the sentence: “That shows that you engaged with the situation and that you were willing to

open up and try new things.” appears 16 times in one case.

4.2 Student behavior

Next to the chatbot behavior, the question is how students reacted to the chatbot and whether

they engaged in a reflection that fulfill the function of a debriefing. The main function

of a debriefing is a critical review of the simulation to facilitate transfer to real-world

scenarios. Furthermore, a debriefing should allow for expression of affective responses to

the simulation, especially if the simulation was emotionally activating [Cr23].

In this study, most students indeed processed their current emotional state once or several

times (see Table 2). They also evaluated their role as a counselor either positively, neutrally,

or negatively at least once (see Table 2). In absolute numbers, they assessed their performance

positively the least often, but in relative numbers negative self-appraisal occurred the least

often. Assuming a normal distribution of actual counseling performance, these reflections

can be seen as adequately balanced. There were a considerable number of statements on

transfer to real-world counseling (see Table 2). Similarly, 14 of the 22 participants felt

that they have learned something in the simulation (
∑

= 20). This is in line with a rather

large number of assessments of the counseling techniques (
∑

= 36; 16/22), e. g., “Yes, the

GenAI-Chatbots as Debriefers 49



questioning techniques helped me better understand the person’s concerns and structure

the conversation accordingly”, as well as a comparatively large number of statements on

the difficulty level (
∑

= 14; 10/22), e. g., “[. . . ] I concentrated more on paraphrasing and

mirroring. I found the I-Messages difficult to implement. [. . . ] I was unsure whether they

were the right questions [. . . ].”

Next to these reflections on the content level, there were a number of reflections on the meta

level. 17 participants (
∑

= 27) chatted about the simulation and study situation, e. g., “I

think one challenge of VR training is that facial expressions and general body language

are currently difficult to represent in the digital space. [. . . ] However, the VR interface

allows for greater anonymity [. . . ].” More than half expressed ideas on what could help or

could have helped them in their learning process: “Observing an experienced counselor

and focusing on how they apply techniques could be helpful [. . . ].” One student discussed

the debriefing itself three times, e. g., by writing: “The debriefing forces me [. . . ] to reflect

on my perceptions and consider whether the counseling was successful or not. It helps me

clearly understand what happened in the conversation and realize if and how I applied

different techniques” Only rarely did the students express that they do not know how to

answer (
∑

= 6; 6/22), use conversational phrases like “thank you” (
∑

= 2; 2/22), and only

in one case did the student take the lead three times and moderated the conversation, e. g.,

“Instead of continuing to discuss the person’s situation, I would like to talk about how I can

train my counseling skills in the future.”

Codes and Subcodes Examples

Current emotional state of the participant
(
∑

= 35; 20/22)
I was a bit nervous because I had never done
anything like this before. The situation was
unfamiliar [. . . ] I wasn’t sure what to do.

Positive reflection on own behavior (
∑

= 16;
13/22)

Still, I am proud of myself for conducting a
counseling conversation, and I am mostly
satisfied.

Neutral reflection of own behavior (
∑

= 24;
14/22)

I mainly used open-ended questions because
I wanted to learn as much as possible about
the client’s feelings and thoughts. I also used
I-Messages to show that I appreciated the
fact that the person already had certain goals
in mind.

Critical reflection on own behavior (
∑

= 24;
10/22)

[. . . ] I quickly chose the Tree-of-Life method,
even though there might have been better
alternatives.

Tab. 2: Exemplary codes for student behavior (
∑

= number of mentions across chatlog files; x/22 =

share of chatlog files with this (sub)code)
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5 Discussion

Our findings indicate that the GenAI chatbot predominantly fulfilled its function as a debriefer

in accordance with the structured three-phase debriefing model. A key limitation was its

tendency toward an overly enthusiastic tone and insufficient critical reflection, consistent with

prior observations on chatbot sycophancy [Ma24]. Notably, students appeared unaffected

by this bias, maintaining critical self-reflection, which aligns with evidence highlighting

learner agency in self-guided debriefing [VMS21].

Despite largely conforming to its assigned role, the chatbot exhibited deviations, particularly

when interaction patterns diverged from expectations (e. g., participant JE21). It occasionally

breached the “fourth wall” by inserting meta-communicative stage directions (e. g., “waiting

for the learner to respond”) that potentially disrupted conversational flow [Ka25]. These

occurrences may be linked to system parameters—temperature and nucleus sampling fixed

at 0.5—and warrant further investigation for optimal configuration to mitigate such behavior.

The probabilistic nature of AI-generated responses complicates consistent conversational

quality, as evidenced by limited dynamic engagement and repetitive phrasing [Ba24; Ji24].

Nevertheless, participants did not express dissatisfaction with the chatbot’s output and

appeared to accommodate its limitations, as reflected by favorable guidance ratings. This

suggests that learners’ prior awareness of large language model constraints may facilitate

adaptive interaction strategies.

From a methodological perspective, employing a relatively small LLM likely contributed

to observed limitations. Larger models generally offer enhanced contextual understanding

and reduced sycophancy, representing a promising avenue for future research. However,

given that many educational institutions have greater access to small- or medium-scale

models, our findings demonstrate that complex instructional tasks such as debriefings can be

effectively supported by smaller architectures. Future work should systematically evaluate

alternative system prompts aimed at curbing exaggerated or overly agreeable responses

within structured debriefing protocols.

Critically, this study was conducted with experimenter presence. Subsequent investigations

should examine fully autonomous chatbot-based debriefings, which hold promise for

resource-efficient and scalable applications, particularly in MOOCs or online training

environments with limited human facilitation.

Finally, as participants were university students with foundational knowledge of counseling

techniques, generalizability to more diverse or professional populations remains uncertain.

Further research should assess differential learner interactions with AI debriefers across

varying expertise levels and domains.

In conclusion, notwithstanding occasional role deviations, sycophantic tendencies, and

repetitive output, GenAI chatbots demonstrate potential as debriefing facilitators. Learners’
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capacity to compensate for chatbot shortcomings underscores their viability as scalable

alternatives to human debriefers.

6 Conclusion

The aim of this qualitative study was to examine whether generative chatbots are capable of

adhering to theor assigned role as debriefers within more complex conversational settings,

and how learners interact with them. The results indicate that chatbots are capable of

conducting reflective conversations in the role of a debriefer, thereby supporting learners in

reflecting on educational content.

The relevance of this study becomes evident in light of the resource-intensive nature of

guided debriefings conducted by instructors, as recommended by the International Nursing

Association for Clinical Simulation and Learning [Co16]. In higher education in particular,

the personnel effort required to conduct individual debriefings is often unsustainable [Ch17].

Our findings support the notion that chatbots can effectively guide students through reflective

processes. As such, AI-supported debriefings may serve as a ressource-efficient complement

to moderated debriefing in (higher) education.

Building on these findings, future research should focus especially on the quantitative

evaluation of chatbot debriefings and systematically compare their effectiveness with

human-led debriefing sessions.
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