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PROBLEM

Swallowing dysfunction (dysphagia) can occur due to a variety of underlying pathophysiologies and can result in
impairments in swallowing safety (i.e., food and liquids entering the airway) and efficiency (pharyngeal residue).

Dysphagia can lead to multiple negative consequences including aspiration pneumonia, malnutrition/dehydration,
increased health care costs, and decreased quality of life.

Several invasive imaging methods including videofluoroscopic swallow studies (VFSSs), fast pharyngeal CT/MRI,
and fiberoptic endoscopic evaluation of swallowing can generate images and signals that can be used to detect the
presence and the underlying pathophysiology of dysphagia; however, they are invasive, expensive, and are not
feasible or easily accessible in all clinical settings or with all patients.

High-resolution cervical auscultation (HRCA) is a sensor-based technology that uses advanced signal processing and
machine learning techniques to characterize swallow function.

A necessary first step for swallow function characterization in HRCA, is automatic swallow extraction which com-
pletes the non-invasive and subjective HRCA-based swallowing assessment.

Videofluoroscopy Swallowing Study (VFSS): Gold
Standard for swallow function evaluation
Pros:

- Evaluation of the entire swallowing process.

- Relatively noninvasive.
Cons:

- High x-ray dose.
- Not available in all clinics.

- An expert is always needed to interpret results.
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Swallowing Kinematic Analysis:
The process of extracting the
exact timing of the swallowing
physiological events in order to
characterize the dynamics and
diagnose disorders. It is usually

conducted visually in VFSS
which is under investigation to
be surrogated with HRCA
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OBJECTIVE

We investigate the ability of swallow segment extraction in HRCA signals using deep

learning and power spectral estimation. The proposed deep learning framework com-
bines convolutional neural networks (CNNs) and recurrent neural networks (RNNs)
to achieve high temporal swallow segment extraction efficiency through the sequen-

tial modeling power of RNNSs.

DATASET AND EVALUATION

* We analyzed HRCA signals of 3144 swallows from 248 patients (142 males,
106 females, age: 63.8%+13.7) with suspected dysphagia who underwent
VESSs concurrently with HRCA recordings. Human judges rated the onset
and offset of swallows by viewing VESS images.

A 10-fold cross validation scheme was used to evaluate the performance of the
deep learning framework over the dataset. The swallow segment detected by
the network was validated against the ground truth provided by the judges
using accuracy, sensitivity, specificity and the overlap ratio between the de-
tected segments and ground truth.

Area under the reciever operating characteristic (ROC) curves was also used
as a quality indicator for the detection performance of the framework across
the 10 folds.

True Positive Rate
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RESULTS

Overlap Ratio

—— Mean ROC (AUC = 0.82 %= 0.03)
+ 1 std. dev. margin
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ROC curves with the AUC values for the results of each fold of the 10 folds
performed for evaluation.
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Overlap between machine
generated segmentation and
ground truth (~91.6%)

—— 2D shallow CRNN + Spectrogram input

Ground truth labels of the onset |Onset and offset of the same
and offset of the swallow swallow as produced by the
proposed segmentation framework
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CONCLUSION

The ability to autonomously detect swallow onset and swallow offset is vital for dysphagia clinical and
research applications.

Elimination of the time consuming manual extraction of swallows increases the efficiency and speed of
HRCA-based swallow function assessment and research.

The proposed deep learning framework achieved high detection accuracy and demonstrated robustness in
swallow segment extraction.

The combined use of CNNs and RNNs contributed to achieve good detection accuracy due to sequence
modeling superioirity over traditional machine learning techniques.

foldos foldos foldo7 foldos foldog fold10
Fold

The overlap ratio between the detected swallow segments and the ground An example for the agreement (overlap) between the detected swallow seg-
truth segments marked by the judges for the 10 folds. ment by the network and the ground truth segment for one swallow (91.6%

overlap).
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ROC curves with the AUC values for the results of The overlap ratio between the detected swallow segments and the
each fold of the 10 folds performed for evaluation. ground truth segments marked by the judges for the 10 folds.
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An example for the agreement (overlap) between the detected swallow segment by the
network and the ground truth segment for one swallow (91.6% overlap).
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