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Introduction

* Hypoglossal nerve stimulation (HGNS) treats
obstructive sleep apnea by stimulating nerve
branches that control the tongue to keep the airway
open. The stimulation cuff must be appropriately
placed to stimulate inclusion branches (tongue
protrusion) and avoid stimulating exclusion branches
(tongue retraction).!

* Nerve integrity monitoring (NIM) records the muscle
(EMG) response to each branch. These signals can
be categorized as inclusion, exclusion, or mixed
(both).!

* Mixed responses are common and can be difficult to
interpret.

* This study aims to determine if an Al image
classifier, a convolutional neural network (CNN),
can be trained to read and interpret these signals.>

Methods

* Design: 312 NIM screenshots — split by patient into
5 groups — Al trained on 4 groups and tested on the
5th — repeated 5 times. Every patient was tested by
an Al that had never seen them.

« Data: 312 intraoperative screenshots from 33 HGNS
patients, categorized by the surgical team as
inclusion (n=101), mixed (n=73), or exclusion
(n=138). Images were padded to square and resized
to 224x224 pixels.

* Model: ResNetl8, a CNN pretrained on ImageNet,
fine-tuned with class-balanced sampling. Predictions
were averaged over 4 modified views of each image
(test-time augmentation).

* Comparator: classical machine-learning baseline
(HOG features with Random Forest, SVM, and
Logistic Regression) on a single patient-level 80/20
split.

* Qutcomes: accuracy, precision, recall, and F1.
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(n = 73) 42 12 0.58 0.60 L
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Table 1. The Al rarely confused inclusion with exclusion; most
errors involved mixed signals. Rows show the true signal type
and columns show the AI’s call, so the colored diagonal is

C Exclusion o0 D Accuracy

correct. Recall = share of true signals found. Precision = share 801 77.9%
of the AI’s calls that were correct. F1 = combined score (1.0 = S 65%
perfect). Outlined: mixed called inclusion (19 of 73). Each > ]
patient was tested only by a model trained without that patient % o 44%
< O A — e mm———— e
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Approach How it was tested Accuracy Range

Always Classical CNMN
predick machine
exclusion learning

Classical machine leaming (HOG features + ) . | ‘
. Lt : it 2l Mainly the bottom muscle responds
Random Forest / 5VM / Logistic Regression) One: 80/20 petient spit 6% (hyoglossus: tongue back)

CNN, class-weighted loss 5 random BO/20 splits (mean) 71.6% 67.7 - 79.0% Figure 1 The Al COI’I’CCth ClaSSiﬁed about 78 Of every

100 nerve monitor signals. (A-C) Example signals. Each
panel shows two muscles: genioglossus (top), which
pushes the tongue forward, and hyoglossus (bottom),
which pulls 1t back. Inclusion: mainly genioglossus

CNN, balanced sampling + deeper fine-tuning 5 random 80/20 splits (mean) 10.3% 66.1 - 75.8%

CNN, 5-fold cross-validation + test-time augmentation  Out-of-fold, all images 77.9% 69,8 - 87.3% by fold

CNN, focal loss + exact-duphcate removal Qut-gl-fald, 306 images 77.1% 76.7 - B3.6% by fold I'CSpOIldS. Mixed: bOth respond. Exclusion: mainly
hyoglossus responds. (D) Accuracy of the CNN, a
Table 2. Accuracy of each approach. Single-split results classical machine-learning method, and an always-
(rows 1-3) are not directly comparable to the cross-validated predict-exclusion rule (n=312 images, 33 patients).
results (rows 4-5), which test every image once. Dashed line = chance (33%).
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Results

About 78 of every 100 signals were classified
correctly, versus 65 for a classical machine-learning
method and 33 expected by chance.

Out-of-fold accuracy was 77.9% (243/312). An
always-predict-exclusion rule scored 44% (Fig. 1D).
F1 was 0.88 for exclusion, 0.77 for inclusion, and
0.60 for mixed (Table 1).

The two clinically opposite types were rarely
confused: 13 of 239 inclusion and exclusion signals
(5%). Most of the errors involved mixed signals
(56/69, 81.2%).

26% of true mixed signals were incorrectly
interpreted as inclusion signals, and 16% were
incorrectly interpreted as exclusion signals. 16% of
inclusion signals were interpreted as mixed signals.
Accuracy ranged from 70% to 87% across test
groups, reflecting the small dataset.

Focal loss and exact-duplicate removal did not
improve performance (77.1%).

Conclusion

A convolutional neural network AI model can be
trained to recognize NIM signal types from a small
dataset, supporting the feasibility of automated
decision support during HGNS placement.

The model struggled most with mixed signals (recall
58%) which was the least common signal in the
training set (73 of 312 screenshots).

Limitations include the low number of mixed signals
(73) and a relatively small dataset (33 patients and
312 screenshots) compared to high performing
neural networks.

Potential future uses include a second-opinion
display during branch testing, and a training aid for

surgeons learning NIM 1nterpretation.
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