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Background: Treatment of obstructive sleep apnea is crucial for long term health and reduced economic
burden. For those considered for surgery, drug-induced sleep endoscopy (DISE) is a method to charac-
terize location and pattern of sleep-related upper airway collapse. According to the VOTE classification
system, four upper airway sites of collapse are characterized: velum (V), oropharynx (O), tongue (T), and
epiglottis (E). The degree of obstruction per site is classified as 0 (no obstruction), 1 (partial obstruction),
or 2 (complete obstruction). Here we propose a deep learning approach for automatic scoring of VOTE
obstruction degrees from DISE videos.
Methods: We included 281 DISE videos with varying durations (6 se16 min) from two sleep clinics:
Copenhagen University Hospital and Stanford University Hospital. Examinations were split into 5-s clips,
each receiving annotations of 0, 1, 2, or X (site not visible) for each site (V, O, T, and E), which was used to
train a deep learning model. Predicted VOTE obstruction degrees per examination was obtained by
taking the highest predicted degree per site across 5-s clips, which was evaluated against VOTE degrees
annotated by surgeons.
Results: Mean F1 score of 70% was obtained across all DISE examinations (V: 85%, O: 72%, T: 57%, E: 65%).
For each site, sensitivity was highest for degree 2 and lowest for degree 0. No bias in performance was
observed between videos from different clinicians/hospitals.
Conclusions: This study demonstrates that automating scoring of DISE examinations show high validity
and feasibility in degree of upper airway collapse.
© 2022 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY license

(http://creativecommons.org/licenses/by/4.0/).
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1. Introduction

Obstructive sleep apnea (OSA) is characterized by partial or
complete obstruction of the upper airway during sleep, causing
events with reduced airflow (hypopneas) or cessation of breathing
(apneas) [1]. Presence of repeated apneas and hypopneas cause
disturbances in sleep leading to daytime sleepiness [2e4],
increased risk of cardiovascular diseases [5e7], motor vehicle ac-
cidents [8], and elevated mortality rates [9]. Prevalence of OSA is
high; almost half a billion adults worldwide aged 30e69 years
suffer from moderate to severe OSA [10]. The economic burden of
undiagnosed or untreated OSA is $150 billion in the United States
alone [11].

Obesity is the most frequent cause of upper airway narrowing
due to presence of excess fat tissue in the tongue and around the
neck area [12]. Other factors include enlarged tonsils, an anatomi-
cally narrow upper airway, the tongue falling backwards, and an
underdeveloped or protracted jaw [13,14]. Continuous positive
airway pressure (CPAP) [15] is the gold-standard treatment for OSA
and although it is extremely effective, studies show that up to 50%
of users give up on the device within a year of therapy due to
various reasons [16].

For some patients, surgical procedures can be viable options to
increase upper airway space, with the most common surgery being
a modified uvulopalatopharyngoplasty, where excess tissue is
removed from the soft palate and lateral walls of the pharynx, often
combined with tonsillectomy (removal of the palatine tonsils)
[17,18]. Other procedures include TORS (transoral robotic surgery)
on the tongue base and epiglottis [19] and maxillomandibular
advancement (advancement of the upper and lower jaw) [20]. Prior
to surgery, drug-induced sleep endoscopy (DISE) is often per-
formed to examine the location and pattern of sleep-related upper
airway collapse using a fiberoptic endoscope under sedation, which
is designed to simulate natural sleep [21]. The endoscope is intro-
duced through the nasal cavity and examines the upper airway
from the nares to the level of the glottis. After a DISE examination,
the surgeon evaluates the sites of collapse in the upper airway
according to the VOTE (velum, oropharynx lateral walls, tongue
base, epiglottis) classification system, which is the most used
scoring system for DISE [22]. Collapse can occur at these four sites,
either individually or in combination, causing obstruction in the
upper airway. The VOTE classification system assigns a degree of
obstruction and pattern of collapse to each site where a collapse
occurs as outlined in Table 1. VOTE obstruction degrees are classi-
fied either as 0 (no obstruction, <50%), 1 (partial obstruction,
50e75%), or 2 (complete obstruction, >75%) [22]. Additionally,
there are three patterns of collapse: antero-posterior (A-P) collapse,
lateral collapse, and concentric collapse [22]. Fig. 1 shows examples
of V and Fig. 2 shows examples of O, T, and E with respect to
Table 1
Upper airway sites where collapse can occur during sleep according to the VOTE
(velum, oropharynx, tongue base, epiglottis) classification system. The degree of
obstruction caused by collapse is either 0 (no collapse, <50%), 1 (partial obstruction,
50e75%), or 2 (complete obstruction, >75%). Checkmarks indicate the possible
pattern of collapse at each site.

Site Degree of obstruction Pattern of collapse

Antero-posterior Lateral Concentric

Velum 0, 1, or 2 ✓ ✓ ✓

Oropharynx ✓

Tongue base ✓

Epiglottis ✓ ✓

20
obstruction degrees and collapse patterns.
DISE suggests location and indication for surgical intervention

and its use has been shown to improve OSA surgical outcomes [23].
The analysis however depends on the procedure and the evaluation
hereof and as such presents interrater variability. First, there is an
anatomical variation across subjects with respect to the upper
airway, and the pattern of collapse may also be affected by the
depth of sedation [24e28]. Secondly, DISE videos can appear
chaotic due to several sites collapsing simultaneously in patients
with severe OSA, essentially pushing the endoscope around and
making it difficult to determine the sites where collapses are
occurring. Mucus or salivamay also cover the endoscope, which can
reduce or distort the video quality significantly and at timesmake it
almost impossible to visually inspect the upper airway. Studies
examining interscorer reliability between surgeons show poor to
moderate agreement [23,29e33], demonstrating that despite a
well-established classification system, interpretation remains
subjective.

In this study, we hypothesize that a deep learning-based model
predicting VOTE obstruction degrees from DISE videos automati-
cally could be trained and would generalize across subjects and
centers when validated on a large amount of DISE videos (þ10 h of
footage). Such a model could aid surgeons in the scoring of DISE
videos and consequentially in the planning of surgical treatment.
Deep learning techniques are chosen over other machine learning
models because they allow for automatic and data-driven feature
extraction from video frames through convolutional neural net-
works and context-based predictions through long short-term
memory networks.

In a former smaller study, we evaluated the use of deep learning
on DISE examinations for estimation of upper airway regions with
promising results [34]. In this current study, we collect a much
larger number of videos and design a model capable of predicting
obstruction degree at each of the four different sites (V, O, T, and E),
which is evaluated against gold-standard annotations provided by
surgeons. To simplify the problem, we leave out pattern of collapse,
which can affect treatment strategy at the level of the velum and
lateral pharyngeal wall [35e38]. The reasoning is to ensure that the
model can distinguish between no collapse/collapse and the level
of obstruction at each upper airway site before attempting to
differentiate collapse patterns. By demonstrating that sites of upper
airway collapse and obstruction degrees can be detected accurately,
which has not been attempted before, we take the first important
step towards fully automatic estimation of VOTE scores from DISE
and leave the inclusion of collapse pattern to a future study.

2. Methods

2.1. Data description

281 DISE videos were obtained in total from three different
surgeons at two different locations: one surgeon from Copenhagen
University Hospital (CUH) in Denmark (51 videos) and two sur-
geons at Stanford University Hospital (SUH) in California, USA (58
and 172 videos, respectively). The DISE examinations were per-
formed for subjects with confirmed OSA in accordance with DISE
procedure guidelines described by Kiaer et al. [39] and Lan et al.
[40].

Each video was anonymized by 1) removing any part where the
endoscope was outside of the patient's airway and 2) renaming the
video file. Median duration of videos after anonymization was
2.1 min with an interquartile range of 3.33 min (min e max:
6 se16.4 min) and the total amount of video footage was 13.7 h.
Fig. 3 shows the distribution of DISE examination durations,
showing that most videos in the dataset were less than 2 min long.



Fig. 1. Possible ways the velum (V) can collapse in the upper airway, either partially (obstruction degree 1) or completely (obstruction degree 2). The patterns of collapse are antero-
posterior (AeP), lateral, or concentric.
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Videos obtained from CUH had sampling rates of 25 frames per
second, while videos from SUH had sampling rates of 30 frames per
second.

For each examination, an annotation was obtained containing
the VOTE score, i.e., obstruction degree and collapse pattern at each
site as shown in Table 2. Note that several sites can collapse in the
same subject (sometimes even in combination) and that a site like
V can collapse in more than one way in the same subject. The
distribution of obstruction degrees for each site is shown in Fig. 4.
The institutions IRB approved the study under IRB-64418.

2.2. Pre-processing

Since DISE examinations varied greatly with respect to duration
(Fig. 3) and there was only a one-line annotation per video
(Table 2), we decided that using data as it was would be unsuitable
for deep learning purposes. Consequently, all video examinations
were split into 5-s clips, as shown in the top block of Fig. 5, and each
clip received an annotation with respect to each site. These anno-
tations were created in consultation with a chief surgeon in
otorhinolaryngology at CUH (EKK).

5-s clips were selected due to two reasons: 1) Due to a limitation
in computational resources, training the model using batches of 5-s
clips was found to be feasible, while increasing the clip duration to
e.g., 30 s would result in too high of a computational cost during
model training; 2) The idea was for the model to be able to
recognize individual collapses and not entire apneas, since this
21
information can then subsequently be aggregated or summarized
to provide the complete VOTE score using the highest observed
degree of obstruction at each upper airway site.

Using 5-s clips, there are many scenarios where one or more
sites are not visible. Thus, another class was introduced for such
situations, denoted X, such that there were four classes (0, 1, 2, and
X) for each site (V, O, T, and E) per 5-s clip, essentially amounting to
a 16-class classification problem. The idea was to train and validate
the proposed deep learning model on the 5-s clips and then sum-
marize all predictions to form a single VOTE obstruction degree
prediction for each DISE examination, which could then be evalu-
ated against the surgeons’ annotations.

Although sampling rates for videos from CUH and SUH were 25
and 30 frames per second, respectively, we used only every 5th and
6th frame, respectively, to reduce computational cost. Conse-
quently, the sampling rates for 5-s clips used in the study were 5
frames per second, yielding a total of 25 frames for a 5-s clip.
Instead of using all three color-channels for each clip (R,G,B), the
videos were converted to grayscale. Both approaches were inves-
tigated (with andwithout color channels) and preserving colors did
not make any noticeable difference, most likely because anatomical
composition is much more important than small differences in
color, so grayscale frames were chosen to reduce computational
cost.



Fig. 2. Possible ways the oropharynx lateral walls (O), tongue base (T), and epiglottis (E) can collapse in the upper airway, either partially (obstruction degree 1) or completely
(obstruction degree 2). The pattern of collapse is lateral for O, antero-posterior (AeP) for T, and A-P and lateral for E. Lateral collapse for E has been left out, since it is extremely rare.
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2.3. Deep learning architecture

The proposed architecture is a combination of a convolutional
neural network (CNN) with a Resnet18 architecture [41] and a
bidirectional long short-term memory (Bi-LSTM) network [42] as
illustrated in themiddle block of Fig. 5. The CNN is implemented for
automatic feature extraction from each video frame, while Bi-LSTM
layers are included to include temporal context in both forward and
backward directions for each frame. The Resnet18 network is
implemented such that a 5-s clip (consisting of 25 frames) can be
input one frame at a time. The output is then a feature map of size
1x512 for each frame. The feature maps for all frames are concat-
enated to form a 25x512 matrix, where each row is considered a
time-step in the original 5-s clip and each column is a feature vector
for a particular frame. This matrix is processed by a Bi-LSTM layer,
followed by a dense layer, which reduces the number of features
22
from 512 to 128 while time steps are intact, i.e., resulting matrix
dimensions are 25x128. A second Bi-LSTM and dense layer reduces
the number of features further from 128 to 4, yielding a matrix of
dimension 25x4. From this matrix, the output at the middle time
step, i.e., 13 is taken as it represents the time step where the model
has most context in both directions. Finally, a softmax activation
function is applied to the resulting 1x4 vector to yield a probability
for each class, i.e., 0, 1, 2, and X. This architecture is repeated four
times, one for each site with their own loss function. This archi-
tecture is identical to the one we presented in earlier work in
greater detail [34] except for two key differences: 1) here we take
the middle time step of the second Bi-LSTM and dense layer output
instead of using all time steps, since there is only a single output per
5-s clip in this study instead of outputs for each time step, and 2)
the number of output probabilities are 4 instead for 3.



Fig. 3. Distribution of durations of the 281 drug-induced sleep endoscopy videos in
the dataset.

Table 2
Examples of annotations provided by surgeons for drug-induced sleep endoscopy
examinations. The number (0, 1, or 2) for each upper airway site (V, O, T, and E)
indicates the obstruction degree followed by the collapse pattern (A-P, lateral or
concentric). V e velum, O e oropharynx lateral wall, T e tongue base, E � epiglottis,
A-P e antero-posterior.

Video V O T E

Video 1 2 A-P - Concentric 2 Lateral 1 A-P 2 Lateral
Video 2 2 A-P 2 Lateral 0 0
Video 3 1 A-P 0 2 A-P 2 A-P

Fig. 4. Distribution of obstruction degrees (0, 1, and 2) for each of the four upper
airway sites (V, O, T, and E) across 281 DISE videos. DISE e drug-induced sleep
endoscopy, V e velum, O e oropharynx lateral walls, T e tongue base, E � epiglottis.
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2.4. Training, validation, and testing

The proposedmodel was trained, validated, and tested using 10-
fold cross-validation to get predictions for all DISE videos in the
dataset. The loss function for each site was the cross-entropy loss,
which is the loss function of choice in multi-classification settings.
23
The loss functions for all four sites were added together and the
combined loss function was used for optimizing the weights of the
model using the Adam optimizer [43]. Since the degrees for each
site were imbalanced as seen in Fig. 4, penalty weights were
introduced during training. The weight for a particular class was
calculated by dividing the number of samples for the most repre-
sented class with the number of samples for a particular class in the
training set. The model was trained using batch sizes of 8 and the
learning rate was set to 1 � 10�5 with a weight decay of 5 � 10�4.
Early stopping was applied when the validation error stopped
decreasing for 3 consecutive epochs, i.e., a patience of 3, to avoid
overfitting to the training data. Python 3.6.10 and Pytorch 1.10.0
were used for implementation of the proposed model. Training of
the model was performed using a GeForce RTX 3070 and the entire
training/validation/test setup took approximately 16 h to run.
2.5. Post-processing

Post-processing steps are illustrated in the bottom blocks of
Fig. 5. For each site (V, O, T, and E) in each 5-s clip, the model
predicts probabilities for each of the four different classes (0, 1, 2,
and X). The predicted degree for each site is the one which the
model predicted the highest probability for. After a prediction is
made for each site for each 5-s clip, the overall degree for each site
for a particular DISE examination is calculated as the maximum
predicted degree across all 5-s clips constituting a single DISE ex-
amination. The maximum degree is selected only if this degree is
predicted in at least 5% of the clips which make up a full exami-
nation. This is to avoid any coincidences where a degree of e.g., 2
occurs one time by chance or because of other sites and does not
reflect the true behavior of that site in a subject. In case the
maximum degree does not satisfy this condition, the next greatest
degree is selected if it satisfies the same condition. If this is not
satisfied either, the degree is 0 by default. This is illustrated in the
bottom right box of Fig. 5. A voting approach is not applied here,
because surgeons annotate DISE examinations according to the
highest degree observed.
2.6. Performance evaluation

The predicted obstruction degree for each site for each DISE
examination was compared to the surgeons’ annotations, consid-
ered as ground truth. Performance was evaluated using weighted
F1 score [44]. Weighted F1 score was used instead of accuracy due
to a large imbalance between the obstruction degrees. The F1 score
is calculated as the harmonic mean of precision and recall or
alternatively in terms of true positives (TP), false positives (FP), and
false negatives (FN) expressed as:

F1 score¼ TP
TP þ 1

2 ðFP þ FNÞ
Using a degree of 0 as example, TP represents the number of 0's

that are correctly predicted as 0's, FP represents the number of
predicted 0's that are not actually 0's, and FN represents the
number of predicted 1's and 2's that are actually 0's. The F1 scores
for degrees 1 and 2 are calculated similarly. The weighted F1 score
is calculated by averaging the F1 score of the individual degrees
multiplied by their proportion in the dataset.

Cohen's kappa [45] was also used to compare model perfor-
mance with interrater agreement reported in the literature with
respect to degrees, either for each site or overall.



Fig. 5. Architecture of proposed model for predicting obstruction degrees based on 5-s clips from drug-induced sleep endoscopy (DISE) examinations. This architecture is repeated
for each of the four upper airway sites (velum, oropharynx lateral walls, tongue base, epiglottis). Top block: A DISE examination is split into 5-s clips. Middle block: Each individual
frame (grayscale) of a 5-s clip is used as input one by one for a convolutional neural network (CNN) with a ResNet18 architecture for feature extraction. All resulting feature vectors
(1x512) are concatenated (25x512) and input to a bidirectional long short-termmemory network (Bi-LSTM) for temporal analysis, followed by a dense layer to reduce the number of
features (25x128). Another Bi-LSTM and dense layer reduce the feature vector (1x4), which is run through a softmax activation function. This yields four probabilities, one for each
obstruction degree (P(Y ¼ 0), P(Y ¼ 1), P(Y ¼ 2), and P(Y ¼ X), where X means that the site is not visible). The obstruction degree with highest probability is the predicted
obstruction degree. Bottom left block: Predictions for all clips within a DISE examination are collected. Bottom right block: The maximum predicted obstruction degree across all 5-s
clips that make up a full examination is chosen as the overall degree if the model predicts this degree for at least 5% of all clips. Otherwise, same criterion is checked for the next
highest degree and if not fulfilled either, the predicted obstruction degree is 0 by default.
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3. Results

Overall F1 score for the 12-class problem, i.e., predicting the
obstruction degree (0, 1, or 2) for each of the four upper airway sites
across 281 DISE videos was 70% (V: 85%, O: 72%, T: 57%, E: 65%).
Fig. 6 shows confusion matrices for the model's predicted degree
for each site evaluated against the surgeons' annotations across all
DISE videos in the dataset. Performance was also evaluated with
respect to videos obtained from the three different surgeons (one
from CUH and two from SUH) to investigate any biases in themodel
24
towards videos from a particular surgeon. The results are summa-
rized in Table 3.

Overall F1 score for the 16-class problem, i.e., predicting
obstruction degrees for each individual 5-s clip (including the class
X for when the site is not visible) was 65 ±14% (V: 68 ± 21%, O: 64 ±
22%, T: 64 ± 23%, E: 65 ± 23%) and was calculated by averaging all
clips that make up a full DISE examination and then averaging the
performance over all 281 DISE videos. Fig. 7 shows the F1 score
distribution for the individual DISE examinations with respect to
the 5-s clips. Fig. 8 provides an example of predicted probabilities



Fig. 6. Confusion matrices for the predicted obstruction degrees evaluated for 281 drug-induced sleep endoscopy videos with respect to the four different upper airway sites. V e

velum, O e oropharynx lateral walls, T e tongue base, E � epiglottis.

Table 3
F1 score for drug-induced sleep endoscopy examinations with respect to each of the
three surgeons who provided the videos. Performance is evaluated against the
surgeons’ annotationswith respect to obstruction degree (0,1, or 2) for four different
upper airway sites. V e velum, O e oropharynx lateral walls, T e tongue base, E �
epiglottis.

Surgeon N Videos V (F1) O (F1) T (F1) E (F1) Overall (F1)

S1 (CUH) 51 91% 70% 53% 58% 68%
S2 (SUH) 58 89% 64% 63% 63% 70%
S3 (SUH) 172 82% 74% 56% 67% 70%

Fig. 7. Distribution of F1 scores for 281 drug-induced sleep endoscopy (DISE) videos
calculated as the average F1 score of all 5-s clips making up each DISE examination
with respect to four classes (0, 1, 2, and X) for the upper airway sites (velum,
oropharynx lateral walls, tongue base, and epiglottis).
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for 5-s clips for each site and how they change over the course of
time (30 s of video).

When distinguishing between no obstruction/obstruction, i.e.,
combining obstruction degrees of 1 and 2 as one class, the F1 score
increased to 90% (V: 98%, O: 95%, T: 78%, E: 91%). Similarly, for 5-s
clips averaged over DISE examinations, where the classes are no
obstruction, obstruction, and X, the F1 score increased to 74 ± 13%
(V: 79 ± 19%, O: 76 ± 22%, T: 70 ± 22%, E: 71 ± 22%). Finally, Table 4
compares performance of the model (in terms of Cohen's kappa) to
interrater reliabilities reported in the literature between surgeons.
The comparisons are made on three levels: for each site (V, O, T, and
E), region-based (palate and hypopharynx), and overall. For region-
based comparison, V was compared to the palate, and OTE were
combined for hypopharynx comparisons.

4. Discussion

Here we describe for the first time that deep learning can be
used to reliably evaluate DISE videos with the goal of identifying
site and extent of obstruction.

4.1. Performance compared to random guessing

Average F1 score for the model's VOTE obstruction degree pre-
dictions was 70% (V: 85%, O: 72%, T: 57%, E: 65%) for all DISE ex-
aminations in the dataset. If the model had instead predicted all
examinations to have the most represented obstruction degree for
each site (i.e., 2 for V and O, and 1 for T and E), the average F1 score
would be only 48% (V: 74%, O: 45%, T: 29%, 44%). The average F1
score with respect to 5-s clips averaged over each DISE examination
was 65 ±14% (V: 68 ± 21%, O: 64 ± 22%, T: 64 ± 23%, E: 65 ± 23%). In
contrast, if themodel predicted the obstruction degrees for each 5-s



Fig. 8. Probabilities for obstruction degrees (0, 1, 2) or X (site not visible) predicted by the proposed model for 5-s clips of drug-induced sleep endoscopy for four different upper
airway sites. V e velum, O e oropharynx lateral walls, T e tongue base, E � epiglottis.
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clip to be the most represented obstruction degree for each site,
respectively, the average F1 score would only be 20 ± 13% (V: 18 ±
21%, O: 8 ± 13%, T: 24 ± 28%, E: 31 ± 29%). This quantitative analysis
supports the fact that the model performs much better than
random guessing and emphasizes the large gap that otherwise
would not be as apparent if a performance metric like accuracy
would be used, which does not consider how well the model pre-
dicts individual classes.
4.2. Sensitivity for each obstruction degree

The model predicts especially well whether or not there is
obstruction as shown by an F1 score reaching 90% (V: 98%, O: 95%,
T: 78%, E: 91%) when combining degrees 1 and 2, showing that in
general, the model confuses degrees 1 and 2 more often than 0 and
1 or 0 and 2. Fig. 6 shows that the highest sensitivity for degree 0 is
obtained for E (55%), and thatmostmisclassifications occur because
the model predicts degree 1. In very few cases (<10%), the model
predicts 2 and after inspecting the three examinations in question,
it occurs for two reasons: 1) E is reflected in saliva causing a mirror
image where it looks like E is collapsing, which in fact it is not, and
2) the model confuses an A-P V collapse for an E collapse, partic-
ularly when the endoscope is close to the collapse. In these ex-
aminations, however, the predicted probability for degree 2 is
never higher than 40% and it only occurs in 1e2 clips per
examination.

The second highest sensitivity for degree 0 is obtained for T
(35%), but it is confused with both degrees 1 and 2. When degree 2
is predicted, it occurs for two reasons: the uvula or lower part of the
soft palate resembles the tongue and when it collapses, the model
confuses it for the tongue collapsing, and 2) when V or O are
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collapsing and the endoscope is extremely close to the tissue, it
resembles the tissue of the tongue.

The lowest sensitivity for degree 0 is obtained for V (17%),
although there are only 6 out of 281 DISE examinationswhere V has
a degree of 0. Presence of collapse at the level of V is extremely
common among OSA patients [46] which is also evident in the
dataset by the lack of videos where V has a degree of 0. However, it
is encouraging that the model only confuses degree 0 with degree 1
and never predicts degree 2 in those cases.

The next lowest sensitivity for degree 0 is obtained for O (27%)
and the confusion is equally split between degrees 1 and 2. Again,
there are only a small number of DISE examinations where O has
degree 0 (11 examinations), but the cases in which they are pre-
dicted as 2 are due to three reasons: 1) A lateral collapse at the level
of E which is generally not considered part of O, (2) T collapsing
completely and the endoscope being very close such that themodel
mistakes it for a collapse at O, and 3) V collapsing and the model
mistakenly predicting a contribution of O as well, which can be
difficult to assess even for surgeons [47].

The highest sensitivity for degree 1 is obtained for both V and E
(64% and 63%, respectively), while T and O are lower (50% and 47%,
respectively). For all four sites, the model primarily confuses it with
degree 2 and very rarely with degree 0 (none for V, <5% for O, <10%
for T and E). For degree 2, the sensitivity is very high for V, O, and T
(91%, 93%, and 85%, respectively), while the sensitivity for E is lower
(72%). For all four sites, themodel almost exclusively confuses degree
2 with degree 1 and almost never with degree 0 (none for V and E,
<5% for O and T). Although the model confuses degree 1 with degree
2 to some extent for all sites, the model confuses degree 2 with
degree 1 only for E, showing that for this site, the model appears to
have most difficulty distinguishing between degrees 1 and 2.



Table 4
Comparison of the proposed model's performance in terms of Cohen's kappa (k) to
interscorer reliabilities reported in the literature between otolaryngology surgeons
scoring obstruction degrees in drug-induced sleep endoscopy. Some studies use
palate vs hypopharynx, where palate corresponds to V and hypopharynx corre-
sponds to O, T, and E combined. One study reports k overall across all sites.

Study V (k) O (k) T (k) E (k) N scorers N DISE

Our model 0.55 0.45 0.38 0.44 N/A 281
Vroegop et al. [29] 0.30 0.66 0.03 0.61 7 6
Llatas et al. [30] 0.17 0.67 0.35 0.43 2 31
Green et al. [23] 0.40 0.42 0.60 0.55 4 275

Study Palate (k) Hypopharynx (k) N scorers N DISE

Our model 0.55 0.43 N/A 281
Kezirian et al. 10 [31] 0.60 0.44 2 108

Koo et al. [32] 0.52 0.35 6 100

Study Overall (k) N scorers N DISE

Our model 0.46 N/A 281
Gillespie et al. [33] 0.27 3 38
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4.3. Performance for videos from each surgeon

Table 3 shows that there is no noticeable difference in overall F1
score between videos obtained from each of the three surgeons,
demonstrating that there is no meaningful bias towards any of
them and suggesting that the procedures are comparable. For
videos from surgeon 1 (S1) from CUH, the model yields the highest
F1 score for V out of all three but also the lowest F1 score for Tand E.
For videos obtained from surgeon 2 (S2) from SUH, the model has
the highest F1 score for T out of all three and the lowest F1 score for
O. However, the gap between the highest and lowest F1 score for S2
is much smaller than for S1 and in general the discrepancy in
performance between sites is lower for videos from S2. For videos
obtained from surgeon 3 (S3) from SUH, the model has the highest
F1 scores for both O and E compared to S1 and S2 and the lowest F1
score for V. Again, the gap between highest and lowest F1 score is
much smaller than for S1.

4.4. Performance for 5-s clips

Fig. 7 shows the distribution of F1 scores per DISE examination
as the average F1 score with respect to 5-s clips that make up an
entire examination. It is noted that most examinations have an F1
score above 50% (86% of all videos), but the lowest F1 score is at
24%. There are three important factors which explain very low
performance for some examinations: 1) The duration of an exam-
ination, since a very short examination consists of only few 5-s clips
and even a few misclassified clips reduce performance by a lot, 2)
the video quality, since some examinations have extremely low
quality, which makes it difficult to assess the degree for each site,
and 3) several sites collapsing simultaneously, causing the endo-
scope to be pushed back and forth and making the video chaotic to
interpret.

4.5. Probability interpretation

Fig. 8, which depicts an example of predicted probabilities for
each obstruction degree (and X) for each site over time, shows that
themodel regularly produces predictions with high confidence that
are easy to interpret due to the way they covary within and across
sites. Such a plot provides insight into model behavior and situa-
tions where the predictions are made with high or low confidence,
which can then be directly compared to the DISE examinations. For
example, for time (t) ¼ 0 s (s), the model predicts with high
probability that V has degree 2 and that O, T, and E are not visible
due to the obstruction at V. The probability of O not being visible is
lower than for T and E because V reopens in that clip and reveals O
for a split second. This observation emphasizes a limitation of the
model: predictions are made on 5-s clips, during which several
events can occur, causing the model to be less confident in a single
obstruction degree. For t ¼ 5 s, V transitions from degree 2 to 1,
which enables the model to see O, T, and E and predict degree 0 for
all three. However, probabilities for O and E are lower because they
are both on the border between having degrees 0 or 1. At t ¼ 10 s,
the model is confused whether V is not visible or has degree 1
because the endoscope is being moved down the airway and is at
the border between V and O. For O, the model becomes more
confident that the degree is 0 as the lateral walls separate further.
At t¼ 15 s, probabilities for degree 0 decrease and degree 1 increase
for O, T, and E because these sites move slightly, but not enough to
cause any obstruction. At the same time, the model becomes more
confident that V is not visible as the camera is moved further down.
For the remainder of the video (t ¼ 20e30 s), the model becomes
more confident that O, T, and E have degrees 0 again, but for V, it
switches between degree of 1 and X because, although the
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endoscope is further down in the airway, the uvula occasionally
vibrates and becomes visible, causing the model to confuse
whether V is visible or not.

4.6. Comparison to interrater reliability

Table 4 compares performance of the proposed model to
interrater reliabilities between surgeons annotating obstruction
degrees reported in the literature. The comparisons are performed
at three levels: 1) for each individual site, 2) for palate (V) and
hypopharynx (O, T, and E), and 3) overall (all sites combined). For V,
our model achieves a higher kappa than the interrater scores. For O
and E, our model has lower kappa than two studies and slightly
higher than one. For T, our model has higher kappa than two
studies and lower than one, demonstrating that despite our model
having low performance for T, surgeons can struggle with it as well
which is evident from a huge difference in kappa scores between
studies (0.03e0.60). For both the palate and hypopharynx, our
model produces higher kappa than one study and lower than
another. For the overall evaluation of degrees, our model achieves a
much higher kappa than the one study where they conduct such an
analysis. This comparison adds context to the model performance
and demonstrates that analysis of DISE examinations is not a trivial
task, not even for experiences surgeons.

4.7. Limitations

There are two main limitations of this study: 1) the model is not
able to predict the pattern of collapse, which would need to be
added for the model to produce complete VOTE annotations as the
surgeons do, and 2) no healthy controls were used in the study, but
the model could benefit from seeing more examples of absence of
collapse, particularly for V and O. For the first limitation, the
absence of collapse pattern only really affects predictions for V,
since O and T only have one possible collapse pattern and lateral
obstructions for E are extremely rare [48]. However, the difference
in collapse patterns for V (particularly concentric vs A-P or lateral)
can lead to different treatment strategies at the level of the velum
and lateral pharyngeal wall and is therefore important in clinical
practice [49e51]. The second limitation is difficult to compensate
for because DISE examinations are only performed for people with
confirmed OSA as the whole point of the procedure is to identify
sites contributing to upper airway collapse prior to surgery. How-
ever, such data could be gathered by utilizing DISE under sedation
associated with other medical procedures.
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4.8. Potential of artificial intelligence in sleep medicine

This study demonstrates the potential of artificial intelligence
(AI) systems applied in sleep medicine, which can be explored in all
aspects of the field. In recent research, there are examples of AI
systems being utilized for OSA screening or diagnosis [52e55],
predicting adherence to CPAP [56], OSA phenotyping [57,58], and
predicting comorbidities associated with OSA [57,59]. The role of AI
in sleep medicine is becoming increasingly important and has the
potential to not only improve diagnosis and treatment of sleep
disorders such as OSA, but also to improve understanding of the
disease and provide insights into the pathology.
4.9. Future work

In future work, collapse pattern for V should be added to the
output of the model. This could be done by annotating the pattern
for V for all 5-s clips, i.e. A-P, lateral, concentric, and X for when
there is no collapse. A network identical to the ones predicting
obstruction degrees for V, O, T, and E could then be implemented
and trained simultaneously along with the other networks. Future
work would also benefit from using a larger, multi-scored dataset
for testing purposes, such that the interrater reliability can be
compared directly to the model's performance on the same data.
Finally, future work should explore potential of using self-
supervised learning on DISE examinations, which would require
much fewer annotations and save time and resources compared to
the approach followed in this study.
5. Conclusion

This study presents the first ever model for predicting sites and
obstruction degrees of upper airway collapse from DISE examina-
tions using a dedicated deep learning model. The model produces
solid performance with an overall F1 score of 70% and predicts
obstruction degrees for the velum and oropharynx lateral walls
well but displays moderate performance for the tongue base and
epiglottis. The main limitation is that it does not predict the pattern
of collapse, which can affect treatment strategy at the level of the
velum and lateral pharyngeal wall. The proposed model has po-
tential to aid surgeons in interpreting DISE examinations in an
automated manner but needs further validation on a multi-scored
dataset and the added ability to predict collapse pattern.
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