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a b s t r a c t 

Background: Facilitation of debriefings is critical for fostering reflection and behavioral change. How- 

ever, little is known about how novice instructors distribute their speaking time and how this impacts 

perceived debriefing quality. Artificial intelligence (AI)-driven conversational analysis offers an objective 

method to characterize facilitation patterns. 

Methods: Participants were fifteen novice healthcare instructors with less than one year of experience 

who recently completed an online simulation course. A cross-sectional study was conducted using GailBot 

API for automated transcription and speech analysis of remote interprofessional debriefings. Standardized 

scenarios and consistent student participants controlled external variables. Instructor facilitation patterns 

were compared to DASH evaluations from students, instructors, and an expert observer. 

Results: Instructors spoke for an average of 56.09% of debriefing time. Higher instructor talk time corre- 

lated negatively with DASH self-ratings (Spearman’s Rho = −0.627, p = .012). 

Conclusion: AI-based analysis provides valuable insights into facilitation patterns, supporting multidisci- 

plinary faculty development. 

© 2025 International Nursing Association for Clinical Simulation and Learning. Published by Elsevier Inc. 

This is an open access article under the CC BY-NC-ND license 

( http://creativecommons.org/licenses/by-nc-nd/4.0/ ) 
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Debriefing is a fundamental practice in simulation-based edu- 

ation, guided by standards of practice, some of which explicitly 

nvite fostering critical reflection and behavioral change in partici- 

ants ( INACSL Standards Committee et al., 2025 ). Reflectivity has 

een identified as the primary determinant of such changes in 

ebriefing participants, with multiple instructor-dependent factors 

laying a role in this experience ( Kainth et al., 2024 ). In aviation,

ebriefing practice was described using three levels of facilitation: 

igh facilitation levels imply minimal instructor involvement, in- 

ermediate facilitation levels require guided discussion with more 

articipation of the facilitator, and low facilitation level occurs 
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ith directive guidance and active participation of the facilitator 

 McDonnell et al., 1997 ). 

While early debriefing advocates in healthcare recommended 

igh levels of facilitation with minimal instructor intervention and 

hree levels of facilitation, there is no clear definition of specific 

ime considered to limit these levels ( Dismukes et al., 2006 ). Ad- 

itionally, substantial differences persist in debriefing practices, 

nderscoring the need for a more precise evaluation of how 

ebriefings are implemented across various geographic contexts 

 Lomuscio et al., 2025 ). Only 21% of studies have documented how 

ime is allocated in debriefings ( Duff et al., 2024 ), and there is in-

ufficient information on how novice instructors distribute their in- 

erventions and whether these affect the perceived quality of de- 

riefing. 

Simulation instructor debriefing training has evolved over the 

ast decades, with programs ranging from basic to advanced 
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ourses, although many programs do not deeply address the 

rogression of facilitation levels ( Cheng et al., 2015 ). The lack 

f standardization in training programs limits instructors’ abili- 

ies to adopt effective strategies across clinical simulation set- 

ings (Ing et al., 2022 ). In this context, implementing Artificial 

ntelligence (AI) tools for conversational analysis in debriefing 

 Brutschi et al., 2024 ) is an emerging strategy that could provide 

bjective data on facilitation. The GailBot API is an AI-based cus- 

omizable system designed to transcribe and analyze verbal inter- 

ctions ( Umair et al., 2022 ). This system could be useful in design-

ng local solutions for debriefing analysis that allow the determi- 

ation of the intervention time of participants and the identifica- 

ion of facilitation patterns. This study aimed to bridge the knowl- 

dge gap regarding facilitation strategies used by novice simula- 

ion instructors through AI analysis of debriefing interventions us- 

ng a customized Gailbot API. The findings could improve instruc- 

or training and optimize the quality of learning in clinical simula- 

ion. 

ethods 

A cross-sectional, relational analytic study was conducted to ex- 

lore the levels of facilitation achieved by novice instructors during 

ebriefing sessions in the context of remote interprofessional sim- 

lations at a Chilean university. The sample consisted of 15 vol- 

ntary novice simulation instructors from four cities in Chile. A 

ovice instructor was defined as a healthcare professional with less 

han one year of experience as a high-fidelity simulation instruc- 

or and no prior formal training in simulation. They completed 

n online course in clinical simulation-based education in January 

024, which included online synchronous high-fidelity simulations. 

he instructors were predominantly female (86.67%). In terms of 

ge distribution, most participants were between 30 and 34 years 

33.33%), followed by those aged 35-39 and 40-44 years (each 

roup representing 26.67%), and a smaller proportion between 45 

nd 49 years (13.33%). The professional backgrounds of the instruc- 

ors were diverse, with the largest group being physical therapists 

26.67%), followed by nurses (20.00%), midwives and occupational 

herapists (each 13.33%), dietitians (13.33%), and smaller represen- 

ations from speech therapist and psychologists (each 6.67%). This 

eflects a multidisciplinary group with varied clinical expertise and 

rofessional experiences. 

Automated conversational analysis using the GailBot API was 

sed to assess interactions during debriefing. GailBot was selected 

or its open-source availability, adaptability to research needs, and 

apacity to process large volumes of audio data efficiently. The 

etup process of the Gailbot tool included the following phases, 

unctions and milestones. 

1. Data preparation : Audio files were stored in a designated input 

folder in Google Drive. An output folder was specified to store 

the results of the analysis. 

2. Gailbot initialization : The necessary libraries (Gailbot, whisperx, 

python-dateutil, pydantic-settings) were installed using PIP. An 

IBM Watson speech-to-text (STT) engine was configured with 

API credentials and configuration parameters. 

3. Transcription : Audio files were added as sources to Gailbot, 

and a profile for transcription and analysis was applied using 

XMLPlugin, ChatPlugin, TextPlugin, CSVPlugin, SyllableRatePlu- 

gin, etc. The “transcribe()” method was called to generate tran- 

scripts. A numeric label was automatically assigned to each de- 

tected speaker during audio processing. However, the corre- 

spondence between each tag and its specific speaker was ad- 

justed manually. 

4. Speak time differences function : A function (calcu- 

late_time_differences) was defined to extract the duration 
2

of speakers’ turns from the generated conversation.csv files. 

It calculated each speaker’s total duration and number of 

turns in debriefings. The results were summarised in a dura- 

tions_summary.csv file. 

5. Speak percentage function : The function ana- 

lyzes_durations_summary calculates each speaker’s 

speaking time percentage and stores it in ana- 

lyzed_durations_summary.csv. This function was further refined 

to calculate the duration and count percentages and store the 

final results in durations_analysis.csv. 

The first iteration of the analysis of a debriefing was con- 

rasted with a formal qualitative analysis performed by an ex- 

erienced researcher, which yielded 100% agreement on the 

nits of instructor intervention, instructor intervention time, and 

he identification of pauses longer than three seconds. To en- 

ure the validity of the automated analysis using Gailbot, tran- 

criptions were compared to audios by a researcher, and two 

ain variables were controlled: the scenario and the students’ 

erformance. 

The scenario corresponded to a 5-minute standardized video 

f an obstetric and neonatal care scenario involving two stu- 

ents: one medical student, responsible for the delivery care role, 

nd one nurse-midwife student, responsible for the initial neona- 

al care. The scenario video was recorded with the same stu- 

ents who participated in debriefings. They were final-semester 

ndergraduate students with two years of experience in high- 

delity simulation and debriefing. They demonstrated motivation, 

trong communication skills, and were trained in the topics to 

e analyzed. The online training for standardized students in- 

ludes instruction that allows them to reflect on their perfor- 

ance if given the opportunity. As members of the research team, 

he standardized students played a specific role in debriefings 

nd were therefore exempt from signing an informed consent 

orm. 

Each instructor participated in a 20-minute debriefing session 

hat did not include the simulation scenario itself. They con- 

ucted debriefings freely, without a rigid script. The debriefing 

essions were audio-recorded and transcribed verbatim by a re- 

earcher. After that, we used Gailbot to generate a report of time 

pent and interventions performed by the instructors and par- 

icipants. To categorize instructor participation patterns, we di- 

ided the total time dedicated to the task into four equal parts 

ased on time proportions. This approach allowed us to group in- 

tructors according to the proportion of time they spent speak- 

ng during the debriefing, facilitating comparative analysis of their 

evel of intervention and its relationship to perceived debrief- 

ng quality. At the end of the debriefing, the students, the in- 

tructor, and a certified DASH researcher applied the short ver- 

ion of the DASH instrument in its Spanish version and applied 

or remote simulations ( Olvera-Cortés et al., 2022 ) and a socio- 

emographic and professional survey through the SurveyMonkey 

latform. 

The analysis plan included descriptive statistics (frequency, per- 

entage, mean, median, minimum, and maximum) and relational 

nalyses using Pearson’s r or Spearman’s Rho. Data normality was 

ssessed with the Shapiro-Wilk test. Statistical analyses were per- 

ormed using JASP 0.19.1, considering a significance level of p < 

05. 

This study was approved by the institutional ethics committee 

Act 169-23). An analysis of the benefits and potential risks to par- 

icipants was conducted and included in the application for review 

ubmitted to the committee. Instructors participated voluntarily af- 

er signing an informed consent form, conducted previously to data 

ollection. Data collected were anonymized before analysis, and 

linded observers were included. 
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Table 1 

Instructors Speaking Time and Interventions During Interprofessional Remote Debriefings. 

ID Instructor Time 

(second) 

Total Time 

(second) 

% Instructor 

Time 

N ° of Instructor 

Interventions 

Total No. of 

Interventions 

% Instructor 

Interventions 

DASH Mean 

Score 

1 866.82 1363.14 63.59 61 121 50.41 4.83 

2 959.85 1215.88 78.94 27 56 48.21 5.33 

3 613.75 1000.01 61.37 39 78 50.00 5.00 

4 706.69 1348.98 52.39 34 125 27.20 6.33 

5 473,15 683.39 69.24 27 55 49.09 5.33 

6 456,34 940.59 48.52 82 196 41.84 5.17 

7 394.43 785.12 50.24 42 84 50.00 3.67 

8 327.90 638.84 51.33 71 141 50.35 5.67 

9 326.62 798.72 40.89 45 90 50.00 5.17 

10 394.31 918.93 42.91 35 69 50.72 4.00 

11 546.58 1084.84 50.38 29 58 50.00 6.00 

12 594.93 855.42 69.55 93 185 50.27 5.50 

13 868.52 1295.71 67.03 54 107 50.47 4.67 

14 207.47 564.38 36.76 24 59 40.68 6.00 

15 417.84 717.29 58.25 70 139 50.36 4.83 

n = 15; sec = seconds; % = Percentage. 

Table 2 

Correlations Table 

Assumption checks 

Pearson Spearman Shapiro-Wilk Test for Bivariate Normality 

r p rho p Shapiro-Wilk p 

ResDASH - InstDASH 0.470 0.077 0.437 0.103 0.922 0.172 

ResDASH - Std2DASH 0.442 0.099 0.343 0.211 0.942 0.431 

ResDASH - Std1DASH -0.268 0.334 -0.256 0.356 0.960 0.807 

ResDASH - % Educator Time -0.180 0.520 -0.167 0.552 0.961 0.813 

ResDASH - % Educator Interventions -0.364 0.182 -0.166 0.555 0.778 < .001 ∗∗

InstDASH - Std2DASH 0.066 0.816 -0.130 0.644 0.949 0.568 

InstDASH - Std1DASH 0.004 0.989 0.010 0.972 0.972 0.963 

InstDASH - % Educator Time -0.022 0.937 0.002 0.995 0.967 0.919 

InstDASH - % Educator Interventions -0.557 0.031 ∗ -0.627 0.012 ∗ 0.768 < .001 ∗∗

Std2DASH - Std1DASH 0.073 0.796 0.087 0.757 0.958 0.762 

Std2DASH - % Educator Time 0.188 0.503 0.167 0.553 0.951 0.610 

Std2DASH - % Educator Interventions -0.142 0.614 0.177 0.528 0.752 < .001 ∗∗

Std1DASH - % Educator Time 0.313 0.256 0.329 0.231 0.972 0.968 

Std1DASH - % Educator Interventions 0.167 0.551 0.263 0.344 0.776 < .001 ∗∗

% Educator Time - % Educator Interventions 0.256 0.357 0.146 0.604 0.815 < .001 ∗∗

ResDASH = Researcher Mean Value DASH; InstDASH = Instructor Mean Value DASH; Std1DASH = Student 1 Mean DASH; Std2DASH = Student 2 Mean DASH 

∗ p < 0.05 
∗∗ p < 0.001 
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In the 15 debriefings analyzed, instructors occupied 56.09% of 

he total debriefing time, while students intervened an average of 

3.91% of the time. The individual values showed significant vari- 

bility in the proportion of instructor intervention time, ranging 

rom 36.76% to 78.94% of the total debriefing time. In only four 

ebriefings, the students spoke for more than 50% of the time 

51.48%, 57.09%, 59.11% and 63.24%, respectively), while in most 

ases, the instructor maintained higher participation than the stu- 

ents. Additionally, the number of interventions made by facilita- 

ors averaged 49.3% of the total number of interventions per de- 

riefing, with values ranging from 27.2% to 50.72% ( Table 1 ). 

We found that six instructors (26.7%) were in the second partic- 

pation pattern (26%-50% of the time), ten instructors (66.7%) were 

n the third (51%-70%), and one (6.7%) in the fourth ( > 70%) partic-

pation pattern. 

The average DASH scale evaluation given by the students was 

.71 (range 4.00-6.83), the instructors rated themselves at 5.17 

range 3.67-6.33), and the principal investigator gave the highest 

verage score at 5.74 (range 4.50-6.83). A strong and statistically 

ignificant correlation was found between the instructor’s aver- 

ge DASH self-assessment and the percentage of interventions the 

articipants made during the debriefing session ( Table 2 ). Specif- 
s

3

cally, the lower the percentage of interventions, the higher the 

erceived quality of the debriefing (Spearman’s Rho = −0.627, p - 

alue = .012). 

Based on instructor speaking time and DASH self-assessments, 

e identified three patterns that could align with Dismukes’ facili- 

ation levels: low facilitation corresponds to > 70%, intermediate fa- 

ilitation corresponds to 51%-70%, and high facilitation corresponds 

o 26%-50% of total debriefing time. 

onclusion 

This study contributes novel insights into instructor-participant 

nteraction during debriefing by applying AI-driven conversational 

nalysis as an innovative methodology for evaluating debriefing fa- 

ilitation within a multidisciplinary simulation context. Unlike tra- 

itional scale-based ( Olvera et al., 2022 ) or qualitative debriefing 

valuations ( Kihlgren et al., 2015 ), this approach provides an ob- 

ective and replicable method for measuring facilitation time and 

articipation patterns. It contributes to the existing literature by 

roposing a new analytical lens for understanding how novice in- 

tructors structure debriefings and manage their interactions with 

earners, complementary to technology-supported conversational 

nalysis ( Brutschi et al., 2024 ). Additionally, this study demon- 

trates that a free, adaptable, customized, and scalable tool, such 
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s GailBot API ( Umair et al., 2022 ) can be easily used to transcribe

nd analyze speech and subsequently characterize facilitation pat- 

erns during debriefing. 

A key strength of this study is its ability to isolate instructor fa- 

ilitation behaviors by controlling for participant variability, a lim- 

tation that has been present in previous research. Novice instruc- 

ors participating in this study showed a high average use of time 

uring debriefing and tend to be in the third and second patterns 

f time used, dominating the conversation and limiting students’ 

pportunities for participation. This finding is consistent with pre- 

ious studies that highlight novice instructors’ difficulty in balanc- 

ng their debriefing role ( Kihlgren et al., 2015 ). The findings suggest 

hat instructor training should focus on strategies that promote 

reater student autonomy and reduce instructor directiveness. 

The inverse correlation between instructors’ self-assessed DASH 

cores and their frequency of interventions suggests a lack of con- 

dence in promoting learner-centered dialogue or a potential dis- 

onnect between self-perceived competence and actual facilitation 

ehaviors. These findings highlight the need for structured training 

ith data-driven feedback and supervised practice. Tools like the 

ailBot API may also support real-time monitoring and refinement 

f facilitation behaviors, enhancing instructor development. 

This study proposes using time proportions as a practical 

ethod to classify facilitation levels. Such an approach could be 

road and easily implemented, without excessive costs or the need 

or experienced facilitators’ time, making it both scalable and equi- 

able. However, this classification remains preliminary and requires 

urther validation and testing in broader contexts. 

Among the study’s limitations is the small, homogeneous sam- 

le of novice instructors, which may affect the generalizability of 

he findings. Additionally, while the GailBot API provided valuable 

bjective data on facilitation levels, future studies could explore 

he evolution of facilitation levels in instructors over time and the 

nfluence of contextual factors, such as the complexity of the sce- 

ario and the learner’s prior training. Combining automated con- 

ersational analysis with qualitative methodologies could provide a 

ore complete picture of the most effective facilitation strategies. 

eclaration of generative AI and AI-assisted technologies in the 

riting process 
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