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Abstract

Objectives: Here we describe the development and pilot testing of the first artificial intelligence
(Al) software “copilot” to help train novices to competently perform Flexible Fiberoptic
Laryngoscopy (FFL) on a mannikin and improve their uptake of FFL skills.

Methods: Supervised machine learning, was used to develop an image classifier model, dubbed
the “anatomical region classifier”, responsible for predicting the location of camera in the upper
aerodigestive tract and an object detection model, dubbed the “anatomical structure detector”,
responsible for locating and identifying key anatomical structures in images. Training data was
collected by performing FFL on an AirSim Combo Bronchi X mannikin (United Kingdom,
TruCorp Ltd) using an Ambu aScope 4 RhinoLaryngo Slim connected to an Ambu® aView™ 2
Advance Displaying Unit (Ballerup, Ambu A/S). Medical students were prospectively recruited to
try the FFL copilot and rate its ease of use and self- rate their skills with and without the copilot.

Results: This model classified anatomical regions with an overall accuracy of 91.9% on the
validation set and 80.1% on the test set. The model detected anatomical structures with overall
mean average precision of 0.642. Through various optimizations we were able to run the Al
Copilot at approximately 28 frames per second (FPS), which is imperceptible from real time and
nearly matches the video frame rate of 30 FPS. Sixty-four novice medical students were recruited
for feedback on the copilot. While 90.9% strongly agreed/agreed that the Al copilot was easy

to use, their self-rating of FFL skills following use of the copilot were overall equivocal to their
self-rating without the co-pilot.

Conclusion(s): The Al copilot tracked successful capture of diagnosable views of key
anatomical structures effectively guiding users through FFL to ensure all anatomical structures are
sufficiently captured. This tool has the potential to assist novices in efficiently gaining competence
in FFL.
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This Al copilot tracks successful capture of diagnosable views of key anatomical structures
effectively guiding users through Flexible Laryngoscopy to ensure all anatomical structures are
sufficiently captured. This tool has the potential to assist novices in efficiently gaining competence
in this procedure.
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Introduction

It has been well documented that most otolaryngologists practice within densely populated
metropolitan area.1~® Two thirds of US counties lack a practicing otolaryngology-head and
neck surgery (OHNS) specialist with their density per county being associated with the
highest education and income quartiles.#-° Using the CMS Provider Utilization and Payment
Data Physician and Other Supplier PUF dataset Davis et. al. observed a direct association
between access to otolaryngologists able to perform flexible fiberoptic laryngoscopy

(FFL) based on billing codes and number of Medicare enrollees further demonstrating

the disproportionate clustering of otolaryngologists in urban areas, consistent with prior
studies.®%-11 The lack of access to OHNS among low-income rural areas further exacerbates
health care disparities across the US. Telemedicine has been a solution proposed to alleviate
some of the socioeconomic inequity but has several limitations within OHNS, namely being
unable to remotely perform FFL as part of a physical exam.

FFL is one of the most common procedures performed by otolaryngologists and is an

early core competency that OHNS residents are expected to acquire. It allows for detailed
examination of the sinonasal cavity, nasopharynx pharynx and larynx, and is crucial in

the evaluation of patients with voice, swallowing and airway symptoms, patients needing
airway management such as awake fiberoptic nasotracheal intubation, and those with head
and neck cancer.12 There are several steps to a successful FFL, including: identification of
key structures, successful navigation of patient’s anatomy, patient comfort/coaching, and
visual capture of each anatomical area of interest which have varied difficulty dependent on
patient anatomy, pathology, and learner experience. Recently, there has been interest within
other specialties to train residents and Advance Practice Providers (APPS) to perform FFL.
For instance, Price et. al. demonstrated that within radiation oncology a simulation-based
training (SBT) workshop on FFL for radiation oncology residents was both feasible and
increased confidence in head and neck anatomy and FFL procedural skills.13

Previous work has shown that a learning curve exists for novices learning to become
competent in performing FFL using a manikins model with a mean of six attempts required
to achieve competency4 based on a validated checklist. This learning curve historically has
been addressed by having residents perform this procedure on patients needing evaluation.
However, this approach risks discomfort, nasal bleeding, and mucosal injury to the patient.12
These risks are greatest before competence is achieved by the learner. Simulation based
training (SBT) has been proposed as a tool for novices to achieve competence in a variety of
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otolaryngologic procedures, and both trainers and trainees have ranked FFL as a skill where
SBT would be highly useful 1

Artificial Intelligence (Al) applications are rapidly being investigated within the field of
OHNS and Al-based simulation tools may be able to bridge the gap between learning
to perform FFL during SBT and performing FFL on a patient.16 Here we describe the
development and prospective pilot testing of machine learning (ML) software “copilot”
that uses a pretrained convolutional neural network for image processing of diagnostic
laryngoscopy to help train novice medical students to competently perform FFL on a
mannikin and improve their uptake of FFL skills.

Methods
This study was approved by the Johns Hopkins Institutional Review Board: IRB00343343.

Objective

In defining the requirements of the Al Copilot a team of two experienced otolaryngologists
(NB and AR) determined that when performed on a simplified model (AirSim Combo
Bronchi X mannikin [Figure 1] (United Kingdom, TruCorp Ltd) a basic FFL procedure
consisted of:

. Entering the nasal cavity and navigating the nasal passage to reach the
nasopharynx

. Visualizing the soft palate

. Visualizing the epiglottis and vallecula

. Visualizing the vocal folds

. Withdrawing the scope

A computer scientist then translated these high-level requirements to specific capabilities the
Al Copilot would need:

. Identifying the optimal scoping path in the nasal passage
. Identifying the scope’s location

. Highlighting key anatomical structures

. Providing real-time feedback and navigational cues

Al Copilot architecture

To develop the Al Copilot, we used supervised machine learning, in which neural networks
learn to predict output labels from human labeled data. The Al copilot consisted of two key
machine learning components:

1. An image classifier model, dubbed the “anatomical region classifier”,
responsible for predicting the location of camera in the upper airway.
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2. An object detection model, dubbed the “anatomical structure detector”,
responsible for locating and identifying key anatomical structures in images.

The outputs of these models were then filtered and at times averaged to reduce noise in the
system. These outputs were then incorporated as inputs into the logic of a larger system that
kept track of the state of the procedure and the camera location. Based on these inputs and
the state of the system, instructions and cues were provided to the user via an overlay on the
video feed.

To run the Al Copilot, the live video feed from an Ambu aView 2 Advance was transferred
to a computer via an HDMI connection and a video capture card. Running a local FastAPI
web serverl?, the computer read in the video feed, processed it, and sent the modified

feed along with metadata to a web browser through a webhook. This new video feed was
displayed on the computer monitor, allowing the Machine Learning Copilot to provide
real-time cues to the user overlayed on top of the raw FFL video. See Video 1 for a
representation of the cues provided.

Data Collection

The training data was collected by performing FFL on an AirSim Combo Bronchi

X mannikin [Figure 1] (United Kingdom, TruCorp Ltd) using an Ambu aScope 4
RhinoLaryngo Slim [Figure 1] connected to an AmbuO Viewa 2 Advance Displaying Unit
(Ballerup, Ambu A/S) [Figure 1]. A representative video of the Al copilot annotating the
FFL in real time can be seen in Video 1.

Data for training both models were selected from a dataset that was generated by performing
20 flexible laryngoscopies on the mannikin. All scoping videos were performed by a single,
experienced otolaryngologist on an Ambu aScope 4 RhinoLaryngo Slim [Figure 1]. Various
levels of expertise were simulated when recording videos to ensure a variety of angles

and views were captured. The FFL Al copilot was trained on the left nasal cavity only to
keep the machine learning consistent, and so there was no confusion or misclassification of
structures based on sidedness.

Anatomical Region Classifier

The anatomical region classifier was used to identify the physical location of the camera

at the time of image capture. The classes used were Larynx, Nasal Cavity, Nasopharynx,
Oropharynx, Out of Body, and Whiteout. Videos were split into image frames and each
image was assigned to a class by a trained graduate student. The classes were defined in the
manikin model as follows:

. Out of body: Any image from outside of the mannikin.

. Nasal cavity: The scope had entered the mannikin but not yet past the posterior
nasal septum.

. Nasopharynx: Between the distal most end of the septum but not yet past a clear
delineation in the material where the velum would be in a human.
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. Oropharynx: Past the velum delineation but not yet past the superior border of
the epiglottis.

. Larynx: Past the superior edge of the epiglottis but had not yet passed through
the vocal folds to the trachea.

. Whiteout: If the scope was too close to the mucosa such that the image was 80%
red or whited out and a human observer could not reasonably determine where
the scope was currently located without information from previous frames.

In total there were 56,262 images in the anatomical region dataset. They were broken down
into 42,971 training images, 3,596 validations images, and 9,695 testing images. See Table
1 for breakdown of the class splits. To prevent data leakage due to the high correlation
between consecutive frames, each video and all its images were assigned exclusively to a
single split: train, validation, or test.

The region classifier used the Resnet18 convolutional neural network model pretrained

on ImageNet and was finetuned on the new dataset designed for anatomical region
classification within the mannikinl8. The final linear layer of the Resnet18 was replaced
with a new linear layer with six outputs for the six anatomical regions. Models were trained
using a sweep of hyperparameters of frozen layers, learning rate, image transforms, and
batch size.

Anatomical structure detector

The anatomical structure object detector is used to identify key anatomical structures in

the mannikin and place a bounding box around each structure. The anatomical structures
labeled were Inferior turbinate, Middle turbinate, Uvula, Vallecula, Epiglottis and Vocal
Folds. In addition, the path we desired for the user to take in the nasal cavity was labeled
into 2 separate classes, one for the path leading up to the middle turbinate (Path 1), and

one for the path after passing the proximal end of the inferior turbinate (Path 2). Images
were labeled with bounding boxes by trained graduate students using Label Studio, a data
annotation tool®. Some of the structures did not have apparent boundaries with clear
delineations, which led to noisy bounding box labels. A confusion matrix was generated for
the anatomical region classifier which can be seen in [Figure 2].

The anatomical structure detector used a YoloVV7 model that was finetuned on a dataset
made of 11,337 images from a subset of 16 videos and evaluated against 3,096 images

from 4 videos20. No validation set was used due to the time intensive nature of labeling

the data. See Table 2 for breakdown of the class splits. Models were trained using a
hyperparameter sweep of image size, learning rate, image transforms, and batch size. Since
multiple structures could be identified within a single frame, predicting the maximum
likelihood class was not viable when integrating the anatomical structure detector into the Al
Copilot. Instead, each class had its own confidence threshold that was hand-tuned based on
human judgement from interacting with the complete system.

The performance of the model was measured using mean average precision (mAP). Mean
average precision is a standard metric used in object detection and has the benefit of
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balancing precision and recall. An intersection over union threshold of 0.5 was used to
calculate the mAP since the ground truth bounding box labels for some classes were noisy.

The Al copilot was pilot tested prospectively by having 64 medical students naive to FFL
use the Al copilot to perform FFL on the AirSim Combo Bronchi X mannikin [Figure 1]
(United Kingdom, TruCorp Ltd). After using the FFL, anonymous surveys were handed out
to the medical students, and they were then asked to rate the ease of use of machine learning
copilot during FFL, as well as self-rate their FFL skills with and without the Copilot,

both on a 5-point Likert Scale. Figure 3 shows percentages of students who answered
within each Likert category (strongly disagree, somewhat disagree, neutral, somewhat agree,
strongly agree). Descriptive statistics were used to analyze medical student responses to
ease of use of the tool, and subjective skill set before and after use of the tool. This was

a proof-of-concept study to test the feasibility of the Al copilot. The authors plan to do a
formal study evaluating the impact of the Al copilot on novice learners.

Anatomical region classifier

The best performing model had 6 frozen layers and was trained with a batch size of 128
for 4 epochs with a learning rate of .0002. This model achieved an overall accuracy of
91.9% on the validation set and 80.1% on the test set. A breakdown of the per class metrics
can be found in Table 3. From the confusion matrix [Figure 2], it was apparent that the
whiteout class was most frequently incorrectly classified as the nasal cavity where most

of the whiteouts happened in the training data. Anatomical regions were most likely to be
misclassified as one of their adjacent regions since the transition point from one region to
another is not discrete.

Anatomical structure detector

The best performing model was trained for 80 epochs using a batch size of 128, and a
learning rate of .001. This model achieved an overall mean average precision of 0.642. A
breakdown of the per class metrics can be found in Table 4. Large variability was seen in the
MAP across classes. With strong delineations, structures like the vocal folds and epiglottis
likely had more consistency and less noise in their bounding box labeling, and therefore
were easier for the model to learn.

Al Copilot compute performance

Initially, the Al Copilot was designed to run on a computer with a graphics processing unit
(GPU), but we felt this limited the potential environments in which this might eventually

be used. To make the software more broadly usable we focused on making it work on a
MacBook Pro M1. Through various optimizations we were able to run the Al Copilot at
approximately 28 frames per second (FPS), which is imperceptible from real time and nearly
matches the video frame rate of 30 FPS.

As seen in Figure 3, 90.9% of medical students naive to FFL strongly agreed/agreed that the
Al copilot was easy to use. However, as illustrated on Figure 4, medical students’ self-rating
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of FFL skills following use of Al copilot were overall equivocal to their self-rating without
the co-pilot.

Discussion

Though in their infancy within medicine Al applications are rapidly expanding. In particular,
the use of machine learning for real time image processing during procedures and in

surgery shows great potential to provide guidance and navigation to trainees in various
specialties, as well as attending surgeons in need of feedback on their skills.21:22 Within
OHNS, tele-otoscopy augmented with machine learning algorithms has become possible and
shows promise in aiding health care providers outside of OHNS in performing otoscopic
analysis.23-26 By guiding providers less experienced with otoscopy in correct otoscope
placement combined with image processing, users have an assistive tool in identifying ear
pathology which in turn can help in making timely referral to Otolaryngologists when
needed.23-25 Similar to the work being done with tele-otoscopy, the Al copilot presented

in this study uses a pretrained convolutional neural network for image processing of
laryngoscopy, which can be used to help novices improve their uptake of FFL skills and
competently perform FFL.

The Al copilot includes an image capture guidance system as well as a procedure

checklist and quality check system that tracks successful capture of diagnosable views of
key anatomical structures effectively guiding users through FFL to ensure all anatomical
structures are sufficiently captured. The mAPs in this study are within the same general
range of performance and are comparable to similar models focused on classifying structural
laryngeal lesions for laryngeal cancer detection.2”:28 This tool has the potential to assist
novices in becoming competent to perform FFL and may be a helpful adjunct to assist junior
otolaryngology residents in gaining competence with this procedure. Numerous studies have
shown that skills learned during simulation-based training sessions are transferable clinical
practice.2? With the addition of this Al copilot to simulation based training there may be
added benefit for new trainees as they start learning early on in residency. Additionally,
there is a recognized need for training in FFL within other specialties who take care of
patients with pathologies in the upper aerodigestive tract, such as Emergency Medicine
physicians, anesthesiologists, radiation oncologists, and advance practice providers.13 In
specialties where FFL is not used regularly, a copilot tool as presented here could be of
potential benefit to guide physicians and providers in performing FFL. Given the recognized
disparity in otolaryngologic care within rural communities, expanding number of providers
who are competent in FFL has the potential to play a role in increasing access to vital
otolaryngologic care.1-810.11

Future applications of this Al copilot are not limited to training providers to be competent
performing FFL. Recently, a deep learning tool for automated classification of vocal fold
polyps during FFL has been shown to distinguish healthy vocal folds from vocal folds
with polyps providing potentially a key resource in the development of computer aided
disease recognition systems within the larynx.39 We envision the copilot could be used

in conjunction with automated classification tools to guide providers in resource limited
settings both with performance of FLL and diagnosis of disease. If concerning pathology
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was detected, patients could then be referred on to the specialist care. Though early in the
development of such technology, these advances in the application of machine learning Al
tools to FFL have promise in expanding access to vital patient care for those living in areas
with little to no access to otolaryngologic care.

Though this technology shows promise to decrease the gap in disparities in access to
otolaryngologic care, it is not without limitations. The machine learning copilot was only
tested in manikin with non-variable anatomy and only one modality of video data capture
was used, limiting the generalizability of the copilot to real clinical scenarios. In the future,
the Al co-pilot will need to be trained on clinical data with various FFL devices to prior to
testing it on actual clinical FFLs. The copilot should be trained on a robust set of patient data
and evaluated in patients to determine efficacy in clinical practice. Additionally, machine
learning tools are susceptible to the biases in datasets they are trained on and can even
amplify bias in healthcare.16:31-34 Ultimately, we foresee this Al copilot as a tool that

can assist a provider during FFL, though the responsibility of performing competent FFL
remains with the practitioners performing the exam. Precision of the anatomical structure
detector was limited, which likely reflects the overall limited size of the dataset. Finally,
medical students did not perceive an improvement of skills with the use of the Al co-pilot,
though they reported ease of use of the software, indicating feasibility. Future studies should
compare the Al copilot to traditional teaching methods for teaching novices to perform FFL
and better tease out factors that may improve usefulness of the Al copilot in training.

Conclusion(s):

We described the development and pilot testing of the first Al copilot to help train novices
to competently perform FFL on a mannikin. The Al copilot tracked successful capture of
diagnosable views of key anatomical structures effectively guiding users through FFL to
ensure all anatomical structures are sufficiently captured. This tool has the potential to assist
novices in efficiently gaining competence in FFL.
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A: Ambu aView 2 Advance
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B: Ambu aScope 4 RhinoLaryngo Slim
(source getimage.ashx)

C: AirSim Combo Bronchi X
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Figure 1:
Set up for Pilot Testing of Machine Learning Co-Pilot. Panel A: Ambu aView 2 Advance;

Panel B: Ambu aScope 4 RhinoLaryngo Slim; Panel C: AirSim Combo Bronchi X.
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Figure 2:
Confusion matrix for the anatomical region classifier
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"I thought the tool was easy to use"
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Figure 3:
Medical Student Rating of Ease of Use of Machine Learning Copilot during Flexible

Fiberoptic Laryngoscopy
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Figure 4:
Medical Student Self-Rating of Flexible Fiberoptic Laryngoscopy Skills with and without

Machine Learning Copilot
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Page 15

Embedded Video 1:
Machine Learning Copilot Annotating Flexible Fiberoptic Laryngoscopy in Real time on an

AirSim Combo Bronchi X mannikin
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Table 1:

Region Classification Dataset Breakdown

Class Train Images | Validation Images | Test Images
Outofbody | 730 (2%) 145 (4%) 277 (3%)
Nasal cavity | 10,817 (25%) | 1780 (49%) 2,762 (28%)
Nasopharynx | 7,294 (17%) 749 (21%) 1,487 (15%)
Oropharynx | 8,848 (21%) | 685 (19%) 2,074 (21%)
Larynx 8,949 (21%) | 127 (4%) 1,409 (15%)
Whiteout 6,333 (15%) | 110 (3%) 1,686 (17%)
Total 42,971 3,596 9,695
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Anatomical Object Detection Dataset Breakdown

Class Train Images | Test Images
Epiglottis 1,262 (8%) 597 (15%)
Uvula 1,630 (11%) | 327 (8%)
Vallecula 825 (6%) 221 (5%)
Vocal Folds 3,604 (24%) | 1,263 (31%)
Inferior Turbinate | 1,196 (8%) 298 (7%)
Path 1 1,719 (12%) | 420 (10%)
Path 2 4,648 (31%) | 961 (24%)
Total 14,884 4,087
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Region Classifier Performance Metrics

Class Validation | Test
Overall accuracy 91.9% 81.4%
Out of body precision .845 .801
Out of body recall 979 .960
Nasal cavity precision 944 .815
Nasal cavity recall 972 .853
Nasopharynx precision | .901 .803
Nasopharynx recall 788 .840
Oropharynx precision 914 .826
Oropharynx recall .920 .875
Larynx precision 914 .843
Larynx recall 1.0 .924
Whiteout precision 718 775
Whiteout recall 763 539
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Table 4:

Anatomical Structure Detector Performance Metrics

Class Test Mean Average Precision
Epiglottis .878

Uvula .88

Vallecula .76

Vocal Folds .937

Inferior Turbinate | .189

Path 1 .269

Path 2 .548

Overall .642

Laryngoscope. Author manuscript; available in PMC 2026 March 01.

Page 19



	Abstract
	Graphical Abstract
	Introduction
	Methods
	Objective
	AI Copilot architecture
	Data Collection
	Anatomical Region Classifier
	Anatomical structure detector

	Results
	Anatomical region classifier
	Anatomical structure detector
	AI Copilot compute performance

	Discussion
	Conclusion(s):

	References
	Figure 1:
	Figure 2:
	Figure 3:
	Figure 4:
	Embedded Video 1:
	Table 1:
	Table 2:
	Table 3:
	Table 4:

