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Abstract 290/350 words

Background Flexible bronchoscopy is an essential tool for airway
management and both diagnostic and therapeutic interventions, particularly
in critical care. Accurate identification of tracheobronchial structures is
crucial but challenging for less experienced clinicians, often leading to
prolonged procedures and increased complication risks. Simulation-based
training using virtual reality or manikins has shown promise, and recent
studies suggest that artificial intelligence (Al)-based training outperforms self-
directed learning. Limited data exist comparing Al-based bronchoscopy
training to expert-led instruction. This study aimed to develop and evaluate a
custom-made Al-based sofiware for identifying key tracheobronchial
structures and assessing its effectiveness as a training tool for anesthesia and
intensive care residents.

Methods An Al-based software using YOLOvVS artificial neural networks was
developed to recognize key tracheobronchial structures from bronchoscopy
videos of a high-fidelity manikin. In a randomized trial, 22 second-year
anesthesia residents with limited bronchoscopy experience were assigned to
either Al-based unsupervised training (n=11) or traditional human-led
training (n=11). Bronchoscopy skills were assessed using the modified
Bronchoscopy Skill and Task Assessment Tool (BSTAT) before and after

training.
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Results The Al model demonstrated high accuracy, with an average
precision-recall AUC of 0.98 and a mean average precision of 0.98. Both
groups of residents showed significant improvement in their BSTAT scores
(from 30£4 to 53£2, p<0.001) and reduced procedural time (from 217x44 to
101+23 seconds, p<0.001). No significant differences were observed between
the Al-based and expert-led training groups.

Conclusion We developed an Al-based software capable of real-time guidance
during flexible bronchoscopy. The Al-based training demonstrated comparable
efficacy to expert-led instruction, suggesting its potential as a viable tool for
unsupervised medical training in flexible bronchoscopy.

Keywords: Bronchoscopy, Artificial intelligence, airway management,

simulation training, Bronchi
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Background

Flexible bronchoscopy is fundamental in critical care, serving both for
complex airway management and as a diagnostic and therapeutic tool [1].
Accurate recognition of the tracheobronchial structures is essential to
correctly locate and describe the presence of pathological findings and to
perform bronchoalveolar lavage in a selected lung region. Indeed, also the
ability and the technique of the operator to navigate within the airways
directly affect the time required to complete the procedure [2]. In particular,
in critically ill patients, the duration of the procedure is directly associated
with the incidence of complications [3], such as hypoxemia, hypercapnia, and
hemodynamic instability. Therefore, the importance of achieving a high-level
competence through bronchoscopy training [4] is essential for enhancing
physicians' skills and improving patient safety [5].

Many clinicians acquire bronchoscopy skills through the apprenticeship
model, adhering to the traditional concept of ‘see one, do one, and teach one’
[6]. However, in today’s medical landscape, simulation-based training
provides a risk-free platform to learn procedures. For this purpose, training
programs based on the use of phantoms, virtual reality simulators [7], and/or
electromagnetic navigation systems have been developed and tested on
students and junior doctors with promising results [8, 9]. While some reports
describe the initial use of artificial intelligence (AI) - based image recognition
systems to correctly identify proximal tracheobronchial structures [10, 11], its
use for training purposes has only been recently described [12, 13]. These
studies demonstrated that the Artificial Neural Network (ANN) has a
performance in recognition of airway structures similar to an expert operator

and this Al-software can be used as a self-training tool for medical students
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learning bronchoscopy [13]. Furthermore, a single study recently compared a
proprietary Al-based system used for training purposes with an expert-based
training for bronchoscopy, showing similar improvements in both groups of
trainees [14].

In the present manuscript, we describe in detail the development of a custom-
made Al-based software able to correctly identify the principal
tracheobronchial structures of a manikin. Moreover, we present its
application as a training tool in a randomized controlled trial involving
anesthesia and intensive care residents inexperienced in flexible
bronchoscopy. We hypothesized that the performance after the Al-based

training system would be similar to classical human-led training.
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Materials and Methods

This study was performed at the Niguarda Hospital and at the University of
Milano Bicocca, both located in Milano, Italy. The randomized controlled trial

was retrospectively registered with the ISRCTN registry (ISRCTN63799884).

Development of the Al-based tracheobronchial image recognition software

Manikin, image acquisition, and labeling

An orally intubated manikin with high-fidelity tracheobronchial structures
(TruCorp AirSim Advance X model, Lurgan, N. Ireland) was employed.
Bronchoscopies were conducted using a flexible bronchoscope (Insighters iS3-
C5, Guangdong, Cina) by 10 operators with different degrees of expertise.
Acquired bronchoscopy videos were uploaded to the Edge Impulse platform
(Edgelmpulse Inc 2023, San Jose California, USA) for segmentation into
frames (1 frame every 2 seconds of video) and subsequent labeling. All images
deriving from video frames were standardized to a resolution of 480 pixels.
Labeling was performed for the following structures: Trachea, Carina, Right
Bronchus, Upper Right Lobe Bronchus, Right Truncus Intermedius Bronchus,
Right Lower Lobe, Right Middle Lobe, Left Bronchus, Left Secondary Carina,
Left Upper Lobe, Left Lower Lobe, Left Upper Division Lobe, Lingula (Figure
1A).

Image labeling was performed by two experienced physicians and
subsequently verified by a third (illustrated in e-Figure 1 of the online
supplementary material), using the original bronchoscopy videos to guarantee
the correct identification of tracheobronchial structures. All images acquired

during bronchoscopy were included, even those of the deeper bronchi.
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However, no labeling was performed on these structures as they were not the
target of image recognition. Of note, each image could have more than one
label if it contained more structures, e.g., Right Bronchus and Left Bronchus
(e-Figure 1A).

Data augmentation was performed to enhance the model’s robustness and
avoid bias in class predictions. Since the initial dataset had an uneven
distribution of images across classes, a manual augmentation step was first
applied to increase the number of images in underrepresented classes,
ensuring a balanced dataset. Techniques such as rotations (=180°), zoom
in/out, translations, and noise addition were employed using Python libraries,
with the goal of improving the model’s ability to generalize to variations in
orientation, scale, and lighting conditions. In addition, automatic
augmentation was applied via the Albumentations library, integrated into the

YOLOVS pipeline.

Development of the artificial neural network

The artificial neural network (ANN) for image recognition was developed
using YOLOvVS8 (“You Only Look Once: Unified, Real-Time Object Detection”)
[15, 16]. The image dataset was divided into a training set (80% of total
images) and a validation set (the remaining 20%). Both labeled and non-
labeled images were included to improve the model’s capacity to distinguish
target structures from background anatomy, particularly distal bronchi.
Figure 1B illustrates the process of developing this Al-image recognition

software.

Training
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The training process focused on ensuring that the ANN accurately identified
and classified key tracheobronchial structures in real-time bronchoscopy
scenarios. A customized training loop was developed, exposing the ANN to the
dataset across multiple iterations (epochs). During each epoch, the model
updated its parameters by progressively improving its performance, using
feedback from both correct and incorrect predictions. The training was
designed to handle real-time demands, where rapid and accurate recognition
is essential for guiding medical procedures.

Throughout the training, the model’s performance was continuously
monitored using standard evaluation metrics, such as accuracy and precision,
ensuring it could reliably differentiate between structures. Regular validation
during training allowed for early detection of any performance plateaus,
ensuring that the model did not overfit the training data and could maintain

its accuracy when applied to new, unseen cases (e-Figure 2).

The process was further supported by real-time feedback mechanisms,
allowing for rapid adjustments to the training if the model began to show
signs of bias or overfitting. This adaptive approach ensured that the ANN
could achieve optimal performance, balancing accuracy with the ability to
make rapid decisions, a critical requirement for bronchoscopy in clinical

settings.

Validation

The model’s performance was evaluated through a normalized Confusion
Matrix, Precision-Recall curves, and Recall-Confidence curves [10]. The

normalized Confusion Matrix compares the AI model's predictions to the true
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labels for each image. It captures the model's performance by summarizing
the frequency of correct identifications for a given structure and errors, such
as failing to detect a structure (false negatives) or falsely identifying one (false
positives). Normalization converts raw counts into percentages, facilitating

comparison across different categories.

Precision-Recall curves visualize the relationship between Precision, defined
as the model's Positive Predictive Value (e.g., when the model predicts that an
image contains a certain structure, how often is it correct?), and Recall, or
Sensitivity (e.g., of all the images containing the carina, how many did the
model correctly identify?). These curves illustrate the trade-off between these
two metrics, aiding in balancing prediction accuracy with comprehensive
detection [17]. Finally, Recall-Confidence Curves were constructed to show
how the model’s ability to correctly identiiy structures (recall) varies with its
confidence in predictions. This analysis was used to fine-tune the confidence
threshold, ensuring an appropriate balance between minimizing missed

structures and avoiding false positives in subsequent training applications.

To use the developed Al-base image recognition tool for the training of
residents we subsequently created a Python application. Identified structures
were labeled only if the set confidence threshold was reached. The coverage,
defined as the percentage of images assigned by the system a confidence
score equal to or above the threshold and thus proposed to users, was

calculated for each individual tracheobronchial structure.

Application for the training of residents
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Residents in anesthesia and intensive care of the University of Milano-Bicocca
without prior exposure to specific bronchoscopy training were enrolled to
compare the Al-based to classical human-led training. Consent for the
publication of data was obtained from residents. After a 1-hour frontal lecture
on bronchoscopy and bronchial anatomy, the baseline bronchoscopy skills of
all participants were tested using the Bronchoscopy Skill and Task
Assessment Tool (BSTAT) [18]. Specifically, as previously reported by several
authors [19-21], we used a modified version, which evaluates only proximal
tracheobronchial structures (Supplementary materials), on which the Al-
based software was specifically trained. Overall, the modified BSTAT
evaluates the theoretical knowledge regarding the recognition of proximal
bronchial anatomy (28 points total) and a practical component, assessing
procedural positioning, airway wall trauma, correct intrabronchial scope
position, and access to several tracheobronchial structures (27 points total).
Of note, the proportion between the score driven by knowledge and practical
component is similar to the original version of the BSTAT. Finally, similarly to
the original BSTAT, the time required to complete the examination was

recorded.

Participants were thereafter randomized in a 1:1 ratio using sealed envelopes.
The first group received classical training performed by an expert
bronchoscopy instructor. The second group performed unsupervised training
using the Al-based image recognition software. Each resident had 20 minutes
of individual training and watched the individual training sessions of the other

residents of her/his group. At the end of the training, each resident repeated
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the modified BSTAT. Of note, the assessment of the modified BSTAT was

always performed by the same person blinded for group allocation.

Both baseline and post-training BSTAT examinations were conducted
individually to prevent any learning effect from observation, ensuring that
each resident's performance was based solely on their own training

experience.

Sample Size

The primary aim of this study was to compare the performance of residents in
flexible bronchoscopy after specific training, either Al-based or human-led.
Specifically, we hypothesized that the BSTAT scores of residents undergoing
Al-based training would be similar to those assigned to human-led training
(HO). We considered a difference of 3 points between the two groups as
relevant for training purposes. A sample size of 22 residents was calculated
considering a significance level (alpha) of 0.05 and a power of 0.9, assuming
an absolute difference in score of 3 points between the two training methods
using a two-tailed comparison of means with a standard deviation of 2 (effect
size 1.5).

Statistical analysis

Data was expressed as mean*standard deviation. The normality of the
population was tested via Shapiro-Wilk test. Comparison between the absolute
means between the two groups was performed via Welch’s t-test. Comparisons
of repeated measurements of continuous variables were performed using pair
t-test or Signed Rank Sum Test, as appropriate. Statistical significance was
defined as a p-value lower than the significance level (p < 0.05). Analyses

were performed using Stata statistical software (Stata Statistical Software,
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Release 16; StataCorp, College Station, TX, USA). The diagrams were created
with Python library seaborn. Images were created using Biorender (Toronto,

Canada).
The CONSORT Guidelines statement for simulation-based trials was used to

guide the reporting of the results (Supplementary materials) [9].
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Results

A total of 130 minutes of bronchoscopy were recorded, resulting in 3900
images. Of these images, 82% were labeled, while the remaining 18% were
not, as they did not contain anatomical structures targeted by the automated
image recognition system. Image augmentation increased the number of
labeled structures by an average of 32+21%. For details regarding image
augmentation of the single labeled regions, see e-Figure 3. Of the resulting
11407 images, 80% (9126) were used to train the ANN, while the remaining
20% (2281) were employed for the subsequent internal validation.

Figure 2 shows the normalized Confusion Matrix, divided for each target
structure. The Al-based tool was able to correctly classify the target
tracheobronchial structures with very high accuracy, as indicated by the
percentages in the diagonal cells, all ranging between 89% and 100%. The
principal problem of the system was the incorrect classification of
“background” images, ie., mainly images deriving from distal
tracheobronchial struciures that were mislabeled as target structures. The
Precision-Recall curves for the single target structures and the average
Precision-Recall curve are presented in Figure 3, Panel A. The curves
represent the relationship between Precision (the proportion of true positive
predictions among all positive predictions) and Recall (the proportion of
correctly identified relevant structures). The area under the curve (AUC) of
different items was very high, with values ranging between 0.93 and 0.99.
Individual and average Recall-Confidence curves are described in Figure 3,
Panel B. Based on this analysis, a confidence threshold of =85% was chosen
for subsequent application of the newly developed software for training

purposes. On average, the coverage with a confidence threshold =85% was
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84+10%. Data on individual structures can be found in the online

supplementary material.

Training for residents

The study was performed in February 2024. Twenty-two second-year
anesthesia and intensive care residents (aged 28+2 years old, 59% female)
were enrolled and randomized in two groups of 11 individuals each.

No difference in age and sex was observed between the two groups (p=0.49
and p=0.14, respectively). All residents had limited experience with flexible
bronchoscopy, 55% had never performed a procedure, and 45% had
performed less than 5 bronchoscopies during their residency. Expertise was
similar in residents assigned to the Al-based and to ihe traditional human-
based training (p=0.45).

In the overall population, the mean modified BSTAT score improved from a
baseline of 30+4 to 53+2 points after training (p<0.001). The increase in
post-training score was due to a gain of 10£2 points regarding the theoretical
component and 13::3 points in practical skills. Furthermore, we observed a
marked reduction in procedural time (218+44 vs. 101+23 seconds, p<0.001),
1e., the time needed to complete the assessment.

Pre- and post-training results of the modified BSTAT examination are reported
in Table 1. Baseline scores were similar among residents of the two groups,
and despite the observed significant improvement, no differences were
observed at the post-training assessment (p=0.53). Notably, improvements in

knowledge, practical skills, and procedural time were similar among groups.
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Discussion

We have developed an Al-based image recognition software able to identify
with high accuracy the main tracheobronchial structures of a high-fidelity
manikin. The software operates in real-time during flexible bronchoscopy,
providing guidance during the procedure. Furthermore, we have employed
this newly developed tool for simulation-based training in a group of
anesthesia and intensive care residents, demonstrating a similar performance
compared to traditional human-based training.

Proper medical training is crucial for ensuring patient safety and delivering
high-quality medical care, especially in the setting of emergencies and
invasive procedures. Indeed, the risks of invasive procedures are significantly
influenced by the operator’s expertise and procedural time. A clear disparity
in complication rates related to bronchoscopy (hypoxemia, worsening
hypercapnia, need for deep sedation) has been described between trained and
untrained practitioners {2, 3]. Furthermore, the learning curve for new
bronchoscopists is very variable, requiring individualized training times to
achieve the same level of performance [22]. Given the increasing number of
intensive care and anesthesia residents, and the clinical and ethical
considerations regarding the classical apprenticeship model, simulation-based
bronchoscopy training is gaining popularity [23-25]. However, classical
human-based training still requires the availability of expert trainers. In this
regard, Al-based image recognition software can significantly assist
unsupervised trainees in improving their recognition skills, thus likely

expediting procedures.
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However, it is essential to thoroughly understand the structural
characteristics and principles behind the development of an ANN. This
knowledge is crucial not only to ensure the conscious and critical use of such
tools, but also to correctly interpret the results they generate [26-28].
Moreover, this understanding aligns with the latest guidelines on the subject,
which emphasize the importance of transparency, validation, and the
reliability of algorithms used in clinical settings [29]. Of note, most previously
published tools[13, 14] focus on real-time feedback during human
bronchoscopy using proprietary software, without a detailed description of its
development and evaluation.

In our manuscript, we present the main features of the developed software
and discuss them below. First, the Al-software had to accurately identify, in
real-time, the most relevant tracheobronchial structures of a dedicated
manikin. For this reason, we based our system on YOLOv8 ANN, which is
known for its speed in image identification, labeling, and low latency in real-
time usage. Another iniportant aspect of our software is its accuracy and
performance, as evidenced by the Confusion Matrix and Confidence recall,
which show a high capacity to correctly identify the tracheobronchial
structures. Different from prior software used for similar purposes[10, 11],
our system was also trained with “background” images, i.e., images not
containing target structures, such as distal bronchi. As this, it learned that
some images do not contain target structures and, therefore, do not require
labeling [30]. However, while the accuracy of target structures was extremely
high, the software made more errors on distal background images, wrongly
labeling them as target structures. This occurred most likely due to

anatomical similarities of distal and proximal structures in the employed
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manikin. Another aspect that characterizes the newly developed software was
its ability to run real-time during bronchoscopy and, thus, to be able to guide
the trainee during the procedure.

We used the Al-based system for training second-year anesthesia and
intensive care residents and found that their improvement in bronchoscopy
skills mirrored that of residents undergoing traditional human-led training.
Notably, both groups demonstrated significant increases in their modified
BSTAT scores, emphasizing the efficacy of bronchoscopy training. In
particular, the increased scores were due to similar improvements in
theoretical and practical skills. Additionally, the time required to complete the
assessment after training was, on average, 40% shoiter than at baseline.
Although this difference did not reach statisticel significance, it is consistent
with previous findings [14] and may suggest that Al-based training allows
trainees greater autonomy to explore hand positioning and refine manual
skills. Could, therefore, a completely unsupervised Al-based bronchoscopy
training be hypothesized? While the software effectively assists trainees in
identifying tracheobronchial structures, it does not provide critical feedback
on proper bronchoscope handling and hand positioning. Furthermore, an
experienced trainer offers invaluable human factors that enhance motivation
and likely foster the retention of information.

Two recent studies share similarities with our research, as they explore
the role of Al-assisted feedback in improving bronchoscopy performance in a
simulated setting [13, 14]. However, there are some differences worth noting.
The first difference is that previous studies employed the same proprietary Al-
feedback system for real-time guidance on structured progression and

diagnostic completeness. Differently, we developed a custom-made Al system
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that can potentially be trained for different bronchoscopes and clinical
settings. The second aspect is the training modality in the control group. In
the study by Cold et al. the Al-guided training was compared with self-
directed learning using written instructions, showing that students receiving
Al-feedback outperformed their peers. Similarly to our study, Agbontaen et al.
directly compared Al-based and expert-led training, demonstrating
comparable performance between the two modalities. Of note, both studies
employed the proprietary Al-software to assess the performance of trainees,

while in our case, rating was expert-based using a modified BSTAT.

Taken together, our and previous studies support that Al-based training can
be safely integrated in current training programs. However, we believe that a
hybrid training platform—integrating traditional human-based instruction with
individual, unsupervised Al-guided sessions—may be the most effective

approach for improving clinicians’ skills in this invasive procedure [31, 32].

In particular, human-based training is valuable for maintaining motivation and
providing feedback on bronchoscope management (e.g., scope handling,
operator’s position), in fact in some aspect human guidance is better and can
help better improvement on long term training [32] . Despite these premises,

no significant difference was observed in practical skills after the training.

Future clinical applications
It is conceivable to hypothesize that a similar software could be developed,

training the system with human bronchoscopy videos, including both
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physiological and pathological images. The bronchoscopy navigation software
could certainly assist clinicians in enhancing their accuracy and reducing the
time needed to complete the procedure, possibly reducing complications [33].
Indeed, as demonstrated in other medical contexts, such as
electrocardiography (ECG) and magnetic resonance imaging (MRI) [34], AI-
based image recognition tools can effectively support physicians in clinical

decision-making and skill acquisition.

Limitations

Some limitations of our study should be acknowledged. First, the accuracy of
the software is specific to the used manikin. However, this limitation is
mitigated by the potential to retrain the model on other phantoms or even real
human images, which would enhance its broader applicability. Second, our
study included a relatively small sampie size and evaluated outcomes only at
Kirkpatrick level 2 (i.e., acquisition of knowledge and skills). While the
observed consistency across participants suggests generalizability, further
studies are needed to evaluate the clinical impact and long-term retention of
skills. Third, we employed a simplified version of the BSTAT to assess
bronchoscopy performance. Although this version was appropriate for
evaluating core skills in the acute care setting, it may have introduced a
ceiling effect and reduced the ability to detect subtle performance differences
between groups. Finally, we need to acknowledge that the current version of
the software was trained only on the main tracheobronchial structures, while

segmental bronchi were not included.

Conclusion
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Our Al-based software is able to accurately identify in real-time the main
tracheobronchial structures in a high-fidelity manikin, effectively providing
procedural guidance. When tested on second-year residents, the Al-based
training was not significantly different from the traditional human-led

training, suggesting its potential for unsupervised training.
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Al: artificial intelligence; BSTAT: Bronchoscopy Skill and Task Assessment
Tool; AUC: Area under the ROC Curve; ANN: Artificial Neural Network; ECG:
electrocardiography; MRI: magnetic resonance imaging; mAP: mean average

precision; IoU: intersection-over-union.
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Table 1. Comparison of traditional and Al-based training in a group of
22-second-year anesthesia and intensive care residents. The residents
were divided into two groups: traditional training and Artificial intelligence
(AI)- -based training. The table presents the pre-training and post-training
scores for overall performance, theoretical knowledge, practical skills and
procedural time, evaluated using a modified Bronchoscopy Skills and Task
Assessment Tool (BSTAT-modified). Additionally, the difference between post
and pre-training scores was assessed for each group and each score. Results

are reported as means[] standard deviations. The p-values were calculated

Traditional | Al-based pP- Differe
training training | value | nce of | 95% CI
(N=11) (N=11) s mean
Score (points) 30[]5 294 0.64 -0.9 -4.9; 3.1
o Theoretical 1803 18 12 : 1.00 0.0 -2.3; 2.3
E (points)
'é Practical skills 1303 1202 0.44 -0.9 -3.3; 1.5
E (points)
= Procedural time 2151] 32 222 [] 56 0.73 7 -34; 48
(seconds)
Score (points) | 52[2 53] 2 0.53 0.5 -1.0; 1.9
5 Theoretical 281 281 1.00 0.0 -0.3; 0.4
E (points)
:g Practical skills 252 252 0.53 0.5 -1.0; 1.9
-'é (points)
= Procedural time 108 ] 24 9521 0.19 -13 -33; 7
(seconds)
Score (points) 225 234 0.45 1.4 -2.3; 5.1
g Theoretical 1003 1002 1.00 0.0 -2.3; 2.3
g -g (points)
® +  Practical skills 123 1313 0.27 1.4 -1.2; 3.9
% S": (points)
= é Procedural time -107 [ 29 -127[] 58 0.32 20 -61; 21
A (seconds)
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using a Welch’s t-test. 95% confidence interval (CI) for the mean differences
are provided.

The scores are presented as Mean modified-BSTAT scores [] SD (standard

deviation).

Figure 1. Methods of development of Al-based image recognition
software for bronchoscopy.

Panel A. Labeling of tracheobronchial structures in TruCorp AirSim Advance
X manikin.

Panel B. Overview of the development process for Al-based bronchoscopy
image recognition software. 1. Frame acquisition: Bronchoscopy video is
captured from the manikin (1a) and individual frames are extracted (2a). 2.
Labeling and augmentation: ihe extracted frames are manually labeled to
identify relevant structures (2a), followed by image augmentation to increase
the dataset size and variability (2b). 3. Neural network training: the labeled
and augmented dataset is used to train a neural network. 4. Al-based software

validation: the validation set was used to study the accuracy of the software.
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Figure 2. Normalized Confusion Matrix for Image RKecognition of main
bronchial structures. The matrix illustrates the performance of the image
recognition model on the validation set. The y-axis represents the Al
predictions, while the X-axis is the true label. Diagonal values indicate the
proportion of correct classification, whereas off-diagonal values reflect the
misclassifications for each tracheobronchial structure. The blue gradient

ranges from light blue 0 to dark blue 1, indicating perfect classification.
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Figure 3. Performance evaluation curves for tlie image recognition
model.

Panel A: Precision-Recall curves for each tracheobronchial structure and all
classes.

The curves represent tiie relationship between Precision (the proportion of
true positive predictions among all positive predictions) and Recall (the
proportion of correctly identified relevant structures). Each line in the graph
corresponds to a specific tracheobronchial structure, as indicated in the
legend. The average performance across all classes is represented by the
mAP@0.5 (mean average precision at an intersection-over-union (IoU)
threshold of 0.5), which in this case is 0.983. The mAP@0.5 summarizes the
model’s ability to identify structures accurately across different IoU

thresholds, where a higher value represents better overall performance.



Page

Panel B. Recall-Confidence curves for each tracheobronchial structure and all
classes. The curve illustrates how the model’s ability to correctly identify
structures (Recall) changes with varying levels of Confidence in its
predictions. Each line corresponds to a specific structure, as shown in the
legend. For instance, the Left Upper Lobe maintains a recall close to 1.0
even at high confidence levels, while the Right Bronchus shows a more
gradual decline. The blue line shows the overall performance across all
classes, with a recall of 0.99 at a confidence threshold of 0. The plot
demonstrates how the model’s recall decreases as the confidence threshold
increases, helping to assess the balance between recall and confidence for

each structure.
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Table 1.

Traditional | Al-based P- Differe
training training | value | nce of | 95% CI
(N=11) (N=11) s mean
Score (points) 30[]5 294 0.64 -0.9 -4.9; 3.1
o Theoretical 1803 18 12 1.00 0.0 -2.3; 2.3
E (points)
'é Practical skills 1303 1202 0.44 -0.9 -3.3; 1.5
E (points)
= Procedural time 21532 222 []56 0.73 7 -34; 48
(seconds)
Score (points) 52 ]2 53] 2 0.53 0.5 -1.0; 1.9
5 Theoretical 2801 2801 1.00 0.0 -0.3; 0.4
E (points)
:g Practical skills 252 252 0.53 0.5 -1.0; 1.9
4§ (points)
A Procedural time 108 [] 24 9521 0.19 -13 -33; 7
(seconds)
Score (points) 2205 2304 0.45 1.4 -2.3; 5.1
g Theoretical 1003 1002 1.00 0.0 -2.3; 2.3
§ .;.E“_’. (points)
® +  Practical skills 123 1303 0.27 1.4 -1.2; 3.9
% E (points)
= é Procedural time -107[] 29 -127[] 58 0.32 20 -61; 21
A

(seconds)

The scores are presented as Mean modified-BSTAT scores [] SD (standard

deviation).




