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Objective: Obstructive sleep apnea (OSA) is a common sleep disorder characterized by upper airway obstruction during sleep,
leading to hypoxia and serious health consequences. Conventional diagnostic methods such as polysomnography and drug-induced
sleep endoscopy (DISE) are often costly, invasive, or time-consuming. This study aimed to develop a safe, rapid, and fully automated
Al-assisted platform for OSA detection using nasopharyngoscopic videos acquired during wakefulness, and to propose diagnostic
criteria comparable to the apnea—hypopnea index (AHI).

Methods: Flexible nasopharyngoscopic videos of supine, awake patients were analyzed using an Al system comprising four
Xception-based image classifiers to identify scan boundaries and classify anatomical regions (nasopharynx, velopharyngeal/orophar-
yngeal \[VO] wall, tongue base, and epiglottis \[TE]). Five U-Net-based semantic segmentation models were then applied to extract
quantitative airway features. Key variables—including maximum and minimum airway cross-sectional areas, VO wall area ratio, and
TE ratio—were entered into a support vector regression model to predict OSA. A total of 103 clinical samples (59 non-OSA, 44 OSA)
were analyzed, with 35 cases reserved for testing.

Results: Classification accuracy for nostril, VO/TE, vocal fold, and nasopharynx regions was 100%, 95.8%, 95%, and 98.5%,
respectively. The mean intersection over union (IoU) for segmentation models reached 82.72%. The prediction model achieved
97.14% accuracy on the test set. OSA-associated thresholds were identified—VO wall area ratio < 0.41 and TE ratio > 36.97—all
comparable to AHI-based diagnosis. The complete diagnostic workflow, including video upload, classification, segmentation, and
prediction, was completed in an average of 85 seconds.

Conclusion: This study is the first to implement a fully automated, Al-based dynamic endoscopic video analysis for OSA detection in
awake patients. The system accurately predicts OSA and localizes potential obstruction sites in a non-invasive, real-time manner,
offering a practical outpatient screening tool to help select candidates who require further evaluation with polysomnography or DISE.
Keywords: Muller maneuver, drug-induced sleep endoscopy, obstructive sleep apnea, semantic segmentation, endoscopic video
analysis, Al

Introduction

Obstructive sleep apnea (OSA) is an increasingly common sleep disorder associated with cardiovascular disease,
metabolic dysfunction, cognitive decline, and reduced quality of life."* Early diagnosis and treatment are crucial to
preventing these adverse outcomes. In outpatient settings, awake endoscopy with the Miiller maneuver—where the
patient forcefully inhales against a closed airway—allows direct visualization of upper airway collapse and helps identify
the site and severity of obstruction,”® despite limitations arising from its performance while the patient is awake. Drug-
induced sleep endoscopy (DISE), performed under sedation to mimic sleep conditions, offers greater accuracy in
localizing obstruction sites by enabling real-time observation of the airway.”® However, both awake endoscopy and
DISE are subject to inter-observer variability, as findings can be interpreted differently by clinicians.'*"
Polysomnography (PSG) remains the gold standard for OSA diagnosis, providing comprehensive physiological measure-
ments and an accurate apnea—hypopnea index (AHI), but its high cost and time requirements hinder its use for rapid or
large-scale screening in routine practice.'”'* Therefore, there is an unmet clinical need for a rapid, noninvasive, and
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operator-independent tool that can efficiently identify patients who truly require further diagnostic evaluation such as
PSG or DISE.

A major clinical challenge lies in developing objective and quantitative methods for interpreting endoscopic images.
With advancements in image processing, computer vision, and artificial intelligence (AI), researchers have begun
exploring machine learning algorithms to assist in the analysis of upper airway endoscopy. Studies have shown that
computer-aided systems can facilitate anatomical assessments through techniques such as three-dimensional reconstruc-
tion, enabling precise measurement of cross-sectional areas, retropalatal distances, and dynamic airway volumes.'> "’
These metrics can help identify obstruction sites and support preoperative planning by quantifying airway dimensions
and collapse severity—paving the way for personalized treatment strategies. However, most previous studies have relied
on manually selected static images rather than continuous video sequences or complete CT/MRI datasets. Such human
selection inevitably introduces bias and limits the reproducibility of Al training and model generalization.

In our previous study, we developed an image analysis system capable of detecting subtle laryngeal anatomical
changes before and after endotracheal intubation—differences often imperceptible to the human eye.?® However, that
approach was limited to static image analysis and did not incorporate dynamic video or Al-based interpretation. In the
present study, we aim to develop a fully automated endoscopic video analysis system using machine learning to assist in
the anatomical assessment of the upper airway. This system is designed to process videos obtained during awake
endoscopy with the Miiller maneuver, performed in a safe, supine position. Our first goal is to establish an Al-driven
algorithm capable of autonomously identifying key anatomical regions—such as the nasopharynx and oropharynx—
within the recorded video. A core function of the system is to automatically extract clinically relevant frames that
represent the maximal and minimal cross-sectional areas of the airway at each anatomical level. Our second goal is to
perform quantitative analysis on these extracted images to calculate objective parameters for comparison between healthy
subjects and patients with OSA. These extracted features will be used to train diagnostic models aimed at developing an
automated screening and evaluation tool. By establishing a fully automated video-based image analysis system, our
approach eliminates human bias during image selection and enables consistent, quantitative, and objective assessment.
This noninvasive and operator-independent tool has the potential to complement existing diagnostic methods by assisting
clinicians in identifying patients who require further invasive evaluation such as DISE or PSG.

Materials and Methods

Endoscopic video samples were prospectively collected at a single institution between January 2023 and December 2024,
with all procedures performed by the same technician to ensure consistency. A total of 233 patients (aged 20—70 years)
were enrolled, comprising both OSA and non-OSA cases, as determined by PSG results. The OSA group included
patients with an AHI > 5, while the non-OSA group consisted of individuals undergoing endoscopic examination
primarily for chronic lump sensation, all with no history or symptoms of OSA and an AHI < 5. Exclusion criteria
included edentulous jaws, craniomandibular pain, recent upper airway infections, history of oropharyngeal trauma or
tumors, prior radiotherapy, any neck surgery, and asthma patients requiring inhalation therapy. Nasopharyngeal endo-
scopy videos were recorded for 60 to 90 seconds following a standardized protocol designed to facilitate automated
analysis. Video capture began at the nostril (first pause point), followed by sequential pauses at the nasopharynx,
retropalatal region, retroglossal region, and finally at the vocal folds (fifth pause point), before termination. Each pause
point required the endoscope to remain stationary for at least 10 seconds. The retropalatal pause focused on observing the
velopharyngeal/oropharyngeal (VO) wall, while the retroglossal pause targeted the tongue base and epiglottis (TE). This
protocol was adapted from the VOTE classification system used in DISE,'*?!' aiming to facilitate future applications of
our model for automated DISE analysis.

Frames were extracted at one frame per five frames throughout the video for image analysis. Preprocessing included
Gamma correction, histogram equalization, binarization, and filtering to enhance image quality. Data augmentation
techniques such as normalization (scaling pixel values to \[0,1]), rotation, scaling, cropping, and horizontal flipping were
applied to expand dataset diversity and improve model feature extraction. The Sobel operator was employed to detect and
remove blurry images. Additionally, color space conversion, dilation, and erosion were used to optimize segmentation
accuracy and reduce noise.
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An automated Al-assisted diagnostic system was developed to identify regions of interest (ROI) and assess OSA severity.
The system utilized sequential image classifiers for dynamic video frame classification: (1) a nostril classifier initiated
positional classification when the endoscope entered the nasal cavity, (2) a position classifier identified key anatomical regions
(nasopharynx, VO wall, TE) and non-obstructive areas, (3) a termination classifier detected the vocal folds to conclude
positional classification, and (4) an adenoid classifier assessed adenoidal hypertrophy in the nasopharynx. Following classifica-
tion, five semantic segmentation models were applied to delineate obstructive airway structures, including the adenoids,
retropalatal space, oropharyngeal wall, tongue base, and epiglottis. Quantitative measurements, such as the cross-sectional area
of the VO region and the spatial relationship of the TE, were computed to facilitate OSA assessment. The system architecture is
illustrated in Figure 1, while the definitions of airway measurements (VO and TE) are shown in Figure 2. Detailed model
architectures for both the classifiers and segmentation models are provided in the supplementary materials.

Sample-Size Calculations and Statistical Analysis

The primary endpoint of this study was the area under the receiver-operating characteristic curve (AUC) for the
automated VO/TE classifier. A priori sample-size calculations were performed using the ‘pROC::power.roc.test” proce-
dure in R to determine the number of cases and controls required to demonstrate an AUC significantly greater than
a clinically relevant benchmark. For planning purposes we considered H, = 0.70 (a conservative clinical threshold), an
anticipated AUC of 0.80 under the alternative hypothesis, two-sided a = 0.05, and power = 0.80. With the observed case/
control ratio in our dataset (=1.19 controls per case), the required sample was estimated to be approximately 162 cases.
Meanwhile, in order to analyze the predicted result in more detail, the confusion matrix was employed to analyze the
predicted and actual results for position classification, segmentation and OSA diagnosis. The confusion matrix provided
a detailed breakdown of true positives (TP), true negatives (TN), false positives (FP), and false negatives (FN) for each
group. The accuracy was defined as: (TP+TN)/ (TP+TN+FP+FN), while the recall was define as TP/ (TP+FN) and the
Specificity was define as TN/ (TN+FP).

Ethical Considerations

The research protocol (NO: 1-108-05-132) was reviewed and approved by the Institutional Review Board of the Tri-
Service General Hospital, Taipei, Taiwan. All methods were performed in accordance with the relevant guidelines and
regulations. All patients provided written informed consents prior to participation.
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Figure | Diagram of the research workflow. (B) Distribution of data usage across different research phases.

Nature and Science of Sleep 2025:17 hetps: 2809


https://www.dovepress.com/article/supplementary_file/559788/559788%20Revised%20Supplementary%20Material.doc

@ Lai et al

E | F
|
B@I AET

Figure 2 Airway Measurement Definitions (VO and TE). (A) VO-max and (B) VO-min represent airway cross-sectional areas measured during exhalation and inhalation,
respectively. Automatic segmentation of the epiglottis area (E-max) and the region between the epiglottis and tongue base (AET) is demonstrated in a normal subject
(C) and an OSA patient (D). Preprocessing involves detecting the highest and most lateral points of the epiglottis, rotating the superior borders of both sides to align
horizontally (E), and drawing a vertical line downward to the tongue base to define and calculate the AET area (F).

Results

Image Classifiers and ROI Identification
We developed a series of deep learning-based classifiers using the Xception architecture, which effectively extracted
hierarchical features for anatomical identification in endoscopic videos.

In addition to the cases used for training (110 cases), the remaining patients (20 cases) were utilized for validation in
positional classification. A flowchart of the patient selection process is shown in Figure 3.

The initial classifier detected the nostril with 100% accuracy (trained on 40 videos, validated on 5), serving as the
trigger for positional classification (Figure 4A and B). The position classifier categorized images into four regions:
nasopharynx, VO wall, TE, and non-obstructive areas, achieving 85.6% accuracy, which improved to 95.8% after image
preprocessing (Figure 4C and D). The termination classifier, trained to detect when the endoscope reached the vocal
folds, achieved 95% accuracy (Figure 4E and F). The adenoid classifier identified adenoid hypertrophy with 98.5%
accuracy after preprocessing. These four classifiers enabled precise and automated anatomical recognition, providing the
foundation for subsequent segmentation and OSA risk analysis.
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Figure 3 Distribution of data usage across different research phases.

Semantic Segmentation and VO/TE Measurement

Semantic segmentation was performed using U-Net models to delineate four key regions: nasopharynx, adenoid, VO
wall, and TE. Preprocessing steps—including grayscale conversion, binarization, and histogram equalization—enhanced
boundary clarity and improved segmentation performance. For nasopharynx and adenoid segmentation, the IoU increased
from 86% (RGB images) to 90% after preprocessing, using 110 training and 20 validation videos. For VO wall
segmentation, color space was converted to YCbCr with grayscale substitution for the Y-channel, resulting in an average
IoU of 85.38%. TE segmentation yielded IoUs of 84.28% for the tongue base and 82.89% for the epiglottis, based on 40
representative images.

Quantitative measurements were derived from the segmentation masks. The adenoid-to-nasopharynx proportion was
defined as the NA ratio. VO wall analysis involved calculating maximum and minimum airway cross-sectional areas
(VO-max and VO-min) (Figure 2A and B), with the VO ratio defined as VO-min / VO-max. For TE, the epiglottis area
(E-max) and the area between the epiglottis and tongue base (AET-max) were used to compute the TE ratio: E-max /
AET-max (Figure 2C—F). A higher TE ratio indicated a narrower space between the tongue base and epiglottis,
suggesting hypertrophy or crowding of these structures. Following segmentation and data filtering, seven numerical
features were extracted (Table 1). Pearson correlation analysis (n = 68) revealed that VO-max had the strongest
correlation with OSA diagnosis, followed by VO-min, whereas the NA ratio showed a weaker association (Table 2). Chi-
square analysis confirmed that adenoid hypertrophy (NA ratio) was not significantly related to OSA presence
(Figure 5A).

VO/TE Feature Analysis and OSA Correlation

Using the same 68 datasets, a Support Vector Regression (SVR) model was trained to classify OSA status (OSA =1,
normal = 0) based on VO and TE variables (Figure 3). The model was tested on 35 samples (16 OSA cases), achieving
an accuracy of 85.71% and an AUC of 0.924. After excluding E-max and AET-max variables, accuracy improved to
97.14%, with a sensitivity of 100%, specificity of 94.74%, and an AUC of 0.976. The Youden index identified an optimal
threshold of 0.0701 for classification (Figure 5B). Threshold analysis indicated that a VO ratio < 0.41 corresponded to
airway obstruction at the VO wall, while values > 0.41 suggested patency. However, for certain OSA patients, limited
airway movement resulted in VO ratios not reaching 0.41 despite obstruction, making VO-max area (<152,988 pixels)
a crucial secondary indicator (Figure SC—E). For TE analysis, a TE ratio > 36.97 indicated a hypertrophic tongue base
causing airflow obstruction, whereas a ratio < 36.97 denoted a non-obstructive condition (Figure 5F).
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Table | Related Area Values

VO max area | VO min area | VO_ratio | E_max | AET_max | TE_ratio | Adenoid
303636 88518 29.15% 190170 6192 30.71 X
(pixel) (pixel) (pixel) (pixel)

Abbreviations: VO, velopharyngeal wall; VO_ratio, VO-min / VO-max; E-max, the maximum epiglottis area; AET-
max, the maximal area between the epiglottis and tongue base; TE ratio, E-max / AET-max.

Table 2 Pearson Correlation Analysis and p-value

Variable Pearson Correlation | P-value
I | VO max area —0.44449 0.00013
2 | VO min area —0.44139 0.00015
3 AET_max —0.22385 0.06445
4 E_max —0.20006 0.09932
5 VO_ ratio —0.16466 0.17636
6 TE_ratio 0.15341 0.20821
7 NA ratio 0.13125 0.28238

Abbreviations: VO, velopharyngeal wall; AET-max, the maximal
area between the epiglottis and tongue base; E-max, the maximum
epiglottis area; TE ratio, E-max / AET-max; NA, adenoid-to-
nasopharynx.

Automated System for OSA Recognition

We integrated the image classifiers, semantic segmentation models, and VO/TE feature analysis into a fully automated

OSA recognition system (Figure 6). The system utilized a SVR model to predict OSA presence and localize airway
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Figure 5 Diagnostic Metrics for OSA-Related Upper Airway Obstruction. ROC curves illustrating the diagnostic performance of various machine learning-based metrics:
(A) Adenoid occupancy (NA ratio), (B) Support Vector Regression (SVR) model, (C) VO-max, (D) VO-min, (E) VO ratio, and (F) TE ratio.
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Figure 6 Workflow diagram of the proposed automated endoscopic video analysis system. The system integrates classification and segmentation models to evaluate OSA
presence and distinguish between velopharyngeal (VO) and tongue base (TE) obstructions.

obstruction, specifying whether the obstruction occurred at the VO wall or TE region. The system’s execution time varied
based on the number of obstructed regions detected. On average, the processing time exceeded the original video
duration by approximately 9 seconds. In 35 cases, the longest video lasted 91 seconds with a total execution time of
98.35 seconds, while the shortest video was 65 seconds with a processing time of 61.7 seconds, due to early termination
by the termination classifier. The average processing time was 85 seconds. In a validation set of 120 cases, the system
achieved an overall accuracy of 97.14%, with a sensitivity of 100% and specificity of 94.74% (Table 3).

Discussion

Flexible nasopharyngoscopy is a common diagnostic tool used by otolaryngologists in the evaluation of OSA. This
outpatient-based examination offers several clinical advantages: it is radiation-free, requires no sedation (in contrast to
DISE), and enables real-time visualization of upper airway structures during natural breathing and voluntary maneuvers.
When combined with the Miiller maneuver, which simulates negative pressure by asking the patient to inhale forcefully
with the mouth closed and nostrils pinched, this technique enhances the ability to localize obstruction “hot spots” (eg,
retropalatal or retroglossal regions) and grade the severity of airway collapse.”**® Static imaging modalities such as CT
or MRI can assess airway anatomy but are limited by selection bias due to variability in acquisition levels (eg, hard palate
vs epiglottic level) and operator experience.”? Recent advances in digital imaging have enabled quantitative analysis of
dynamic endoscopic recordings. Automated video analysis systems using edge-detection algorithms can extract sagittal
and transverse airway diameters, calculate a collapsibility index, and provide objective measures of obstruction.
However, most previous studies have relied on manually selected endoscopic images showing maximal or minimal
airway dimensions during respiration, which cannot eliminate human selection bias. If Al-based analysis is applied only
to such pre-selected images, the risk of human error remains. In contrast, our study is the first to analyze the entire
endoscopic video sequence directly, automatically identifying the ROI and extracting relevant anatomical features. This
fully automated, video-based approach avoids the inherent biases of static image selection and represents a novel step
forward in objective airway evaluation. By providing quantitative, operator-independent analysis, our system fills an
important clinical gap in early OSA screening—particularly in resource-limited or outpatient settings. Our approach
could be integrated into routine endoscopic examinations for patients with suspected OSA. Clinicians could rapidly

Table 3 The Results of the Automated Detection System

Number of Cases | Average Time | Longest Time | Shortest Time | Accuracy | Sensitivity | Specificity

35 85s 98.35 s 61.7s 97.1% 100% 94.7%
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obtain Al-assisted, quantitative assessments during the same visit, allowing them to identify individuals who may benefit
from further evaluation with DISE or PSG. Compared to traditional subjective grading systems like the VOTE
classification, this approach significantly reduces inter-observer variability and improves diagnostic accuracy, particularly
in cases of multilevel obstruction.

Previous studies have explored the correlation between upper airway anatomy and OSA severity. For instance,
Sundaram et al** reported that minimal cross-sectional area and soft palate length were significantly associated with the
AHI. Additional studies have confirmed that a narrower airway and longer soft palate are linked to higher AHI
values.>>*® Recent research incorporating computer-assisted image analysis and the Miiller maneuver has shown
promising results in predicting OSA and developing gender- and region-specific predictive models. For example, in
males, cross-sectional areas at the retropalatal and retroglossal levels measured in the supine position during the Miiller
maneuver are reliable indicators of OSA. Similar findings have been observed in female patients. While adeno-tonsillar
hypertrophy is a well-established risk factor for pediatric OSA, its impact in adults is limited due to the low prevalence
(6-15%) of residual adenoidal tissue. In adults, factors such as obesity, age, and smoking play a more prominent role.”’
Consistent with existing literature, our study found no significant correlation between adenoid size and OSA in our adult
cohort.

In cases where the oropharynx is already narrowed or obstructed, patients may be unable to compensate by increasing
VO-max (a volume-related index we analyzed) through voluntary effort, due to a critically low VO-min. A severely
diminished VO-min during sleep indicates that the velopharyngeal region fails to remain patent, leading to airflow
obstruction. One study demonstrated that in severe OSA, the oropharyngeal area at end-expiration is markedly narrowed,
highlighting this region as a critical site of obstruction.® Therefore, even if patients can dilate their airway during
wakefulness, persistent airway collapse during sleep may require surgical intervention to improve VO-min. Procedures
such as UPPP or maxillomandibular advancement aim to enlarge the oropharyngeal space and enhance lateral wall
mobility to improve airway patency.

Previous studies have explored the use of endoscopic video analysis and imaging modalities for assessing upper
airway dynamics in patients with obstructive sleep apnea (OSA). Su et al*° utilized endoscopic videos to measure cross-
sectional collapse ratios at the retropalatal and retrolingual levels, providing detailed, site-specific data that enhanced
preoperative anatomical evaluation. Although predictive models were not fully established at that time, their work laid
important groundwork for precision in airway assessment. Subsequently, Miyazaki et al** employed cine MRI to analyze
dynamic airway collapsibility in awake individuals, further emphasizing the potential of non-invasive imaging for airway
evaluation. Additionally, Calloway et al®' demonstrated that endoscopy offers more accurate airway measurements
compared to 3D reconstructions derived from CT scans. However, a common limitation across these studies is the
reliance on manual image selection. Determining which frames represent the maximal or minimal cross-sectional area of
a dynamically changing airway remains subject to human judgment, inevitably introducing selection bias. This challenge
is particularly significant in the context of dynamic airway assessment, where the airway dimensions fluctuate con-
tinuously with respiration. In our study, we addressed this limitation by developing an Al-based system that processes the
entire endoscopic video to autonomously identify critical anatomical regions, including the velum, oropharynx, tongue
base, and epiglottis. The system automatically locates the frames with the largest and smallest cross-sectional areas
within these ROI across the full video sequence, eliminating the need for manual frame selection. Our methodology is
conceptually aligned with the clinically established VOTE classification system used in DISE;''*' however, unlike
traditional VOTE scoring, which relies on subjective visual grading, our system provides objective, quantitative
assessments of cross-sectional area changes. The derived VO and TE ratio serve as quantitative analogs to the VOTE
framework, enabling an objective threshold-based interpretation that can complement or even recalibrate existing VOTE
categories. For instance, while conventional VOTE classification depends on the examiner’s perception of collapse
severity, our system defines these grades numerically based on measured proportional changes, thereby minimizing inter-
observer variability and improving diagnostic reproducibility. This automated, video-based analysis approach offers
a level of precision and consistency that has not been demonstrated in previous studies. By leveraging Al to perform
comprehensive frame selection and measurement, we effectively eliminate observer bias and enhance the granularity of
airway dynamics evaluation. Furthermore, our predictive model demonstrated a high accuracy of 97.14% in
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distinguishing between OSA and non-OSA patients in the test cohort, underscoring the clinical applicability of this
automated analysis system as a reliable screening and diagnostic tool.

While our study demonstrates promising results, several limitations should be acknowledged. First, the relatively
small sample size may affect the generalizability of the Al model. The performance of machine learning algorithms is
highly dependent on the diversity and quality of the training data. A dataset lacking comprehensive representation of
OSA severity levels, patient demographics, and clinical variations may limit the model’s applicability to broader, real-
world scenarios. Second, this study did not include direct correlation between endoscopic findings and DISE results, as
not all patients underwent DISE. Although awake endoscopy with the Miiller maneuver provides valuable airway
dynamics in a supine position, it cannot fully replicate the airway conditions observed during sleep. Consequently,
anatomical findings from this method may differ from those obtained during DISE. However, the current outpatient-
based endoscopic analysis remains essential, as it is impractical to perform DISE on healthy individuals or all suspected
OSA patients. Therefore, developing and training AI models using outpatient awake endoscopy data represents
a necessary and pragmatic approach. For broader clinical adoption, our next step will be to integrate this automated
analysis system into DISE procedures, enabling Al-based evaluation of DISE videos and direct quantitative validation
against the established VOTE framework to ensure consistency with current clinical standards. Briefly, our Al algorithm
processes the entire video sequence to automatically identify frames with maximal and minimal cross-sectional areas and
calculate VO-max, VO-min, and TE ratios, thereby eliminating operator selection bias. Unlike DISE, which requires
sedation and extended procedural time, our method offers a rapid, non-invasive screening tool suitable for outpatient
clinics. Although it is not intended to replace DISE, this approach can serve as a practical, time-efficient adjunct for early
airway assessment and OSA screening.

Conclusion

This study introduces an automated video analysis system for dynamic endoscopy, enabling individualized assessment of
VO-max, VO-min, and TE ratios to support targeted surgical planning in OSA patients. By providing early, noninvasive,
and accessible screening, the proposed tool has the potential to bridge a key clinical gap in the routine evaluation of
OSA. The analysis is both rapid and efficient, requiring approximately 85 seconds per case. Without human intervention,
our predictive model achieved an accuracy of 97.14%, with 100% sensitivity and 94.74% specificity in identifying
airway obstruction sites and predicting OSA status. While these results demonstrate the feasibility and clinical potential
of Al-assisted dynamic airway assessment, further validation using larger, multicenter datasets is essential to ensure
generalizability. Future work will also focus on integrating DICOM-format data, clinical parameters (eg, gender, BMI,
neck circumference), and endoscopic videos from multiple platforms, including DISE. Incorporating Al-derived para-
meters such as VO and TE ratios into established classification frameworks like the VOTE system could further facilitate
clinical translation.
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