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Multimodal deep ensemble classification
system with wearable vibration sensor for
detecting throat-related events
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Dysphagia, a swallowing disorder, requires continuous monitoring of throat-related events to obtain
comprehensive insights into the patient’s pharyngeal and laryngeal functions. However, conventional
assessments were performed by medical professionals in clinical settings, limiting persistent
monitoring. We demonstrate feasibility of a ubiquitous monitoring system for autonomously detecting
throat-related events utilizing a soft skin-attachable throat vibration sensor (STVS). The STVS
accurately records throat vibrations without interference from surrounding noise, enabling
measurement of subtle sounds such as swallowing. Out of the continuous data stream, we
automatically classify events of interest using an ensemble-based deep learning model. The proposed
model integrates multiple deep neural networks based on multi-modal acoustic features of throat-
related events to enhance robustness and accuracy of classification. The performance of our model
outperforms previous studies with a classification accuracy of 95.96%. These results show the
potential of wearable solutions forimproving dysphagia management and patient outcomes outside of

clinical environments.

Dysphagia, characterized by difficulty in swallowing, arises from various
etiologies, including neurological disorders, surgical complications, and
muscular impairments'”. This disorder poses substantial health risks such as
malnutrition, dehydration, and aspiration pneumonia’. Consequently,
patients suffer from severe deterioration in quality of life, which leads to a
notable increase in mortality”. The severity of dysphagia necessitates prompt
and effective treatment to prevent life-threatening complications and
improve patient outcomes. Effective management of dysphagia relies on the
monitoring of multiple throat-related events’. For example, coughing and
throat clearing during meals can indicate abnormalities in the neuromus-
cular functions of the pharynx and larynx®. This information enables
healthcare professionals to devise appropriate therapeutic interventions
tailored to each patient’s condition. However, current treatment protocols
for dysphagia are predominantly confined to clinical settings, which
inherently limits the frequency and scope of clinical assessments’. More-
over, significant discrepancies exist between patient’s capacity observed in
the clinic and actual day-to-day performance’. These differences can be
attributed to the dynamic nature of symptoms, which fluctuate in response
to emotional states, levels of physical fatigue, and other daily variables’.

Consequently, there is an urgent demand for the development and inte-
gration of ubiquitous monitoring devices for continuous and real-time
tracking of throat-related events outside of the clinic"’.

Numerous studies have developed wearable sensor systems for con-
tinuously monitoring throat-related events'' ™. For example, piezoresistive
and surface electromyography (SEMG) sensors were utilized to detect
swallowing events'*"”. Combining these sensors with machine learning
algorithms can evaluate various swallowing-related muscle activities,
including frequency, duration, and force. However, to comprehensively
diagnose the functions of the larynx and pharynx, it is necessary to observe a
variety of throat-related events, not just swallowing’. Microphone-based
wearable devices can acquire a wide range of sounds, such as coughing and
speaking'®”. The measured sounds were classified into several throat-
related events using artificial intelligence algorithms'®. For instance, deep
neural networks (DNNs) were applied to detect coughing sounds, but they
often struggle to distinguish coughing from comparable events, such as
throat clearing”. Some studies employed convolutional neural networks
(CNNs) to classify sounds with similar acoustic characteristics by analyzing
temporal-frequency features’'. Additionally, other researchers have
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combined microphone and SEMG sensors with CNN and long short-term
memory algorithms to perform multi-event classification, enabling accurate
recognition of swallowing, coughing, and chewing sounds™. Although
various models were developed to classify sounds captured by microphones,
these systems remain highly vulnerable to background noise, hindering the
accurate detection of throat-related events in daily life'*™.

Recent studies have utilized skin-attachable sensors to acquire acoustic
medical data without ambient interference'*”’. These accelerometer-based
sensors were attached at the suprasternal notch to detect vibration signals
such as coughing, speaking, and throat clearing” . However, the form
factor restricts mounting the sensing part onto the curved and narrow neck,
an optimal location for capturing subtle acoustic features with high quality”’.
In processing the measured data, DNNs were applied to analyze and classify
diverse vibrations, facilitating multi-event monitoring™. For example, a
random forest classifier assessed the severity of dysphagia, and a support
vector machine quantified the swallowing variability*. However, these
models were trained on small datasets, resulting in overfitting that degrades
their reliability and generalizability”. In comparative studies on limited
datasets, CNN models outperformed recurrent neural networks in classi-
fying throat-related events™. Based on these results, several studies have
employed scalograms and mel spectrograms as inputs in residual neural
networks (ResNets) for image-based event classification”**. However, the
single-network models rely on limited features from acoustic data, leading to
classification accuracies below 89%***>***. Therefore, further advancements
in both sensor hardware and classification models are necessary to enable
accurate and continuous monitoring of throat-related events.

In this study, we propose an advanced healthcare system devised for
real-time monitoring of throat-related events in daily life. A soft skin-
attachable throat vibration sensor (STVS) was designed by isolating a small
and flexible sensing part, ensuring precise adherence to the curved neck
skin. This facilitates uninterrupted measurements of vibrational signals
emanating from the larynx and pharynx, capturing various throat activities,
including coughing, speaking, swallowing, and throat clearing. Additionally,
we developed a deep ensemble model to classify these activities by inte-
grating diverse neural networks trained on multi-modal data, encompassing
both time-series features and acoustic spectral image patterns. The model
architecture was optimized through performance evaluations based on
various combinations of neural networks and ensemble algorithms. As a
result, we achieved an outstanding performance with a classification accu-
racy of 95.96% and an area under the receiver operating characteristic curve
0f0.99 on a test dataset, which comprised a range of throat-related events in
multiple languages. This innovative system holds significant potential for
substantially enhancing the management of dysphagia by providing con-
tinuous and accurate monitoring of throat-related events.

Results

Overall process

In this study, we developed a highly accurate classification system for
detecting major throat-related events, such as coughing, speaking, swal-
lowing, and throat clearing. We engineered a soft skin-attachable throat
vibration sensor (STVS) that conforms to the neck skin contours to acquire
high-quality acoustic medical data. Conventional acoustic microphones can
measure a broad spectrum of high-quality sounds; however, they struggle to
detect subtle signals, such as swallowing, and are susceptible to interference
from ambient noise'“”. On the other hand, our STVS can precisely measure
the signals originating from the user’s throat vibration, completely unaf-
fected by external noise. As shown in Fig. 1a, the STVS was positioned on the
neck skin to measure throat vibrations. The STVS hardware comprises
sensing and controller parts that are interfaced by serpentine interconnects,
as depicted in Fig. 1b. The sensing part was placed at the optimal location
above the laryngeal prominence to capture the highest quality of vocal
signal”’. The controller part was responsible for digital filtering, data storage
and transmission, and battery management. Since the controller part
exhibited less flexibility due to its multi-chip composition, it was positioned
on the relatively flat side of the neck. The connection between the sensing

and controller parts was facilitated through a serpentine structure to ensure
stable signal transmission during neck movements. The controller part was
folded in half (see Supplementary Fig. 1) and connected to a battery. Then,
the entire STVS was encapsulated with a soft polymer for enhanced wear-
ability, as shown in Fig. 1¢c. The dimension of the encapsulated sensing part
was 0.7cm in length, 0.9 cm in width, and approximately 0.3cm in
thickness.

An overall process for developing and applying the classification model
to detect throat-related events pertaining to dysphagia is illustrated in Fig.
1d. We gathered extensive acoustic medical data through the STVS,
encompassing four key events: coughing, speaking, swallowing, and throat
clearing. This dataset comprises 9000 data segments, each with a duration of
625 ms, obtained from 32 subjects at a sampling rate of 6400 Hz. The
subjects, representing a diverse range of ages and genders, were distinctly
categorized for the training and testing phases (see Supplementary Table 1).
During the training, we utilized an acoustic dataset consisting of utterances
in the English language. The acoustic data was transformed into the fre-
quency domain, facilitating the training of various acoustic features in both
time and frequency domains. This extensive feature extraction strategy
mitigated the risk of overfitting and enhanced generalization performance
for unseen data’. Each network was integrated through an ensemble
algorithm to increase the classification accuracy and robustness against
outlier data. The developed classification model was evaluated using a
separate test dataset composed of English and other diverse languages,
including French, German, Spanish, and Korean. Training in English and
testing in multiple languages validate the model’s generalization ability
across various linguistic boundaries, demonstrating its applicability in glo-
bal contexts™”. The proposed model exhibited remarkable performance
compared to previous studies that classified acoustic medical data using
microphones, as shown in Table 1 and Fig. 1e"**"******* Using a throat
microphone enabled the detection of subtle sounds that conventional
acoustic microphones typically overlook, thereby expanding the range of
classifiable events. Furthermore, implementing the multi-domain ensemble
method facilitated an exceptionally high classification accuracy of 95.96%,
significantly exceeding the benchmarks accomplished by previous
studieSZS,z.%,Zﬁ,ZS.

Stretchability of the soft skin-attachable throat vibration sensor
The sensing part of the STVS is strategically placed above the center of the
laryngeal prominence for optimal detection of vocal cord vibrations, thereby
achieving a high signal-to-noise ratio (SNR)”. Due to the spatial constraints
of this region, we segregated the wearable hardware into two distinct parts:
the sensing part above the laryngeal prominence and the controller part on
the flatter side of the neck. These two parts were connected by a serpentine
interconnect, designed to be highly stretchable and robust against external
strains (see Supplementary Fig. 2)***. As shown in Fig. 2a, we measured the
variation in resistance when the serpentine interconnect was stretched to
100%. It is generally known that the serpentine structure causes minimal
resistance change in the metal film even at this maximum stretching
level’>”. We demonstrated the physical durability of this structure by
measuring the resistance between two points across the serpentine inter-
connect. Figure 2b shows the minimal change in relative resistance due to
the strain, revealing a mere 0.19% increase at 100% strain. These results
underscore that the serpentine interconnect stably transmits signals even
when the wearer’s neck is moving. Although a marginal rise in resistance
was noted with the strain, there was negligible resistance change after 5000
cyclic loadings, as shown in Fig. 2c.

Measurement protocol and throat-related events

Subjects wearing the STVS participated in a structured experimental pro-
tocol, as shown in Fig. 3a. All subjects conducted five repetitions of
coughing, speaking, swallowing, and throat clearing in a controlled envir-
onment, maintaining a rest interval of 2 s between each event (see Supple-
mentary Fig. 3). The data was stored in the sensor memory and
instantaneously transmitted to a database via Bluetooth low-energy (BLE).
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Fig. 1| Overview of soft skin-attachable throat vibration sensor (STVS) system for
classifying throat-related events: coughing, speaking, swallowing, and throat
clearing. a Photo of a subject wearing the STVS above the laryngeal prominence
position. b Magnified image of the STVS without polymer encapsulation. A sensing
part of the STVS forms a conformal contact with the neck skin. Scale bar: 1 cm.

¢ Image of the STVS with integrated components. d Experimental process for

designing and applying an ensemble-based deep learning model to classify throat-
related events. The training dataset consists of events obtained from subjects using
English. In contrast, the test dataset comprises events from subjects with diverse
linguistic backgrounds, such as English, French, German, Spanish, and Korean.

e Comparison of the classification accuracy and the number of classifiable events with
previous studies that detect major throat-related events using microphone devices.

Table 1 | Comparison of the proposed wearable sensor system

with previous studies for detecting throat-related events

Reference Hardware Dataset Model Classification events Accuracy

19 AM? 5640 segments, DNN trained with SGD and Coughing 92.3%
9 subjects momentum

20 AM 15,591 segments, CNN with bagging Coughing 90.9%
43 subjects

21 AM 25,537 segments Scalable compact CNN Coughing 88.8%
43 subjects

23 TMP (on the suprasternal notch) 8446 segments, ResNet50 Coughing, Laughing, Speaking, Throat  87.2%
10 subjects clearing

25 TM (on the suprasternal notch) 120 segments, 4 subjects ~ Support Vector Machine Coughing, Laughing, Throat clearing 81.9%

26 TM (on the suprasternal notch) 36 subjects CNN followed by ResNet50 Coughing, Talking 88.3%

28 TM (side of the neck) 4639 segments, ResNet18 Coughing, Swallowing, Throat clearing  87.9%
15 subjects

This work TM (above the laryngeal 9000 segments, LightGBM ensemble, WaveNet, Coughing, Speaking, Swallowing, 96.0%

prominence) 32 subjects EfficientNet Throat clearing

“AM: acoustic microphone.
°TM: throat microphone.

The acquired data was refined in a series of signal-processing steps to build a
training dataset. First, max absolute normalization was applied to reduce
variability in signal amplitude depending on individual characteristics. This
method preserves the original distribution of positive and negative values,

retaining the integrity of the data. Second, an adaptive filter was utilized to
improve the SNR of the data™. The filter dynamically adjusts its coefficients
in response to the input signal’s magnitude, allowing it to accurately track
and filter out unwanted noise. This real-time adjustment helps to effectively
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Fig. 2 | Characteristics of the serpentine inter-
connect in soft skin-attachable throat vibration
sensor. a Image of experimental setup for the
stretchability test. The serpentine interconnect was
in a pristine state (left) and stretched to 100% (right).
Scale bar: 1 cm. b Resistance variations in response

Pristine

to the applied strain. The relative resistance was
increased by 0.19% after a 100% stretch. ¢ Resistance
across two further points connected by the serpen-
tine interconnect. The resistance value did not
change even after 5000 cyclic loadings.
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Fig. 3 | Experimental protocol and acquired signals from the soft skin-attachable
throat vibration sensor (STVS). a Schematic of measurement protocol and data
preprocessing steps for acquiring throat-related events using the STVS. Subjects
repeated four distinct events—coughing, speaking, swallowing, and throat clearing
—five times each. All subjects followed the same controlled protocol. The data was
segmented based on the peak amplitude and utilized as inputs for network training.

b Example waveforms and spectrograms for each event. Signals related to the
vibration of the pharynx and larynx were captured around the neck. The STVS was
configured with a sampling rate of 6400 Hz and a dynamic range of +4 g. The
spectrogram data was obtained using a short-time Fourier transform with a Hanning
window frame width of 40 ms and an overlap of 75%.

smooth the signal and remove thermal noise, which is inherent in the
hardware, resulting in a high-quality signal. Third, the processed data was
segmented into 625 ms windows centered on peaks surpassing a predefined
threshold. This threshold was set at six times the mean absolute value of
signals measured in the absence of throat-related events. The 625 ms seg-
ment duration was optimized by systematically evaluating captured events

across various segment lengths. A length of 4000 samples (equivalent to
625 ms at our sampling rate) was consistently effective in detecting indivi-
dual throat-related events without overlapping multiple occurrences. This
process yielded labeled data consisting of 2134 coughing, 2440 speaking,
2189 swallowing, and 2237 throat-clearing events (see Supplementary
Table 2).
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Fig. 4 | Visualization of activation regions in the image-based classification
network. a Mel spectrograms and b its gradient-weighted class activation mapping
(Grad-CAM) results from the EfficientNet for various events: coughing, speaking,
swallowing, and throat clearing. The Grad-CAM provided a visual representation of
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crucial pixels in the input image as a heatmap. The heatmap of the speaking high-
lights the harmonic components, while the swallowing event generates the promi-
nent heatmap over several spike-shaped signals. The coughing and throat-clearing
events show significant heatmaps around the 0.1's.

Examples of the waveform and spectrogram of the four events are
shown in Fig. 3b. The spectrograms are generated through a short-time
Fourier transform (STFT) and a Hanning window with a frame width of
40 ms and an overlap of 75%. The main features of coughing are the broad-
bandwidth response, followed by the rapid decrease in signal intensity. On
the other hand, speaking exhibits a harmonic structure in the spectrogram.
This distinct harmonic pattern consists of integer multiples of the funda-
mental frequency (f,). Swallowing is characterized by multiple spike-shaped
peaks and completed within a relatively short duration of 0.2 s, compared to
other events. Throat clearing exhibits the spectrogram similar to coughing,
but a sustained low-frequency component is distinctly observed. The dis-
tinct spectral characteristics among these event signals, such as various
frequency components and amplitude patterns, provide foundational
insights for developing the classification model.

Grad-CAM analysis of conventional image-based events classi-
fication methods

We evaluated representative state-of-the-art neural networks, ResNet50 and
EfficientNet, for classifying coughing, speaking, swallowing, and throat-
clearing events based on image patterns extracted from the time-series
acoustic data™*. Most previous studies on throat-related event classification
have predominantly utilized these image-based networks instead of one-
dimensional input networks to extract complex features from signals™*.
We first transformed throat vibration signals into spectrogram and mel
spectrogram images to train each network. Augmentation methods were
then applied to increase the data variability"’. The amount of training data
was increased thirteenfold, thereby reducing the overfitting and enhancing
the robustness of the trained networks. The classification accuracy after
augmentation exhibited an average improvement of 5.03% for ResNet50
and 1.28% for EfficientNet (see Supplementary Fig. 4). However, all image-
based neural networks exhibited relatively low classification accuracy in

distinguishing coughing and throat-clearing events in the confusion
matrices (see Supplementary Fig. 5).

We analyzed the reasons for the low accuracy of certain events using
the gradient-weighted class activation mapping (Grad-CAM) method. The
Grad-CAM represents the activated regions in the image as a heatmap when
a network performs classification tasks”. We extracted heatmaps from the
EfficientNet, which performed the highest accuracy among individual
classification networks. The mel spectrograms and heatmaps corresponding
to throat-related events are shown in Fig. 4a and b, respectively. The acti-
vation regions for speaking are primarily concentrated in harmonic com-
ponents below 1 kHz. On the other hand, the heatmap of the swallowing
event appears in multiple spike-shaped signals across a broadband fre-
quency range. These distinctive Grad-CAM results demonstrate that each
event can be accurately distinguished in the current image domain. How-
ever, the mel spectrogram of coughing exhibits similar patterns to throat
clearing, with both events showing identical heatmaps in the frequency
range of 500 to 1000 Hz around 0.1 s. This result emphasizes the necessity of
classification models that utilize multi-modal data and ensemble techniques
to enhance accuracy by recognizing diverse acoustic features of throat-
related events rather than solely relying on image-based single networks**.

Ensemble-based deep learning model development for event
classification

We addressed the limitations of image-based classification networks by
utilizing various types of input data and multiple networks. Figure 5 illus-
trates the architecture of the multi-modal ensemble model, which classifies
throat-related events with high accuracy. We augmented the training data
thirteenfold and transformed it into two domains: (1) time domain as
waveform and f; and (2) time-frequency domain as spectrogram and mel
spectrogram (see Supplementary Fig. 6). Time domain signals were used to
train the WaveNet, optimized for audio signal processing”. We also utilized
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Fig. 5 | Ensemble-based deep learning model for event classification. Our deep
learning architecture combines various deep neural networks into an ensemble
method. After augmentation, a training dataset was pre-processed into time series
(waveform and fundamental frequency) and images (spectrogram and mel spec-
trogram). WaveNet was trained on time-series data, capturing sequential patterns,

while ResNet50 and EfficientNet were trained on image data, focusing on spatial
features. The networks were trained using a fivefold cross-validation method, and
each prediction from the validation dataset served as the input data for the ensemble
model. The ensemble-based deep learning model, trained with various features,
accurately classifies throat-related events.

the time-frequency domain signals, which resemble images, to train
ResNet50 and EfficientNet, both renowned for their outstanding perfor-
mance in image classification tasks®*’. This approach enabled each network
to learn various features and patterns from the acoustic medical data.
Detailed information regarding data preprocessing and the structure of each
network is provided in the “Methods” section.

The individual networks were trained using a fivefold cross-validation
approach. The validation results, consisting of class probabilities generated
by each neural network, were concatenated to train ensemble algorithms
using a stacking method. We utilized several ensemble algorithms,
including gradient boosting machine (GBM), random forest (RF), extreme
gradient boosting (XGBoost), LightGBM, extra trees, adaptive boosting
(AdaBoost), and support vector machine (SVM)*">. Each of these
ensemble models has unique strengths: GBM and XGBoost excel in
handling structured data and complex interactions, RF and extra trees offer
robustness through random feature selection, AdaBoost corrects mis-
classifications iteratively, SVM performs well in high-dimensional spaces,
and LightGBM effectively handles large datasets with high speed and per-
formance. Therefore, we compared the classification accuracy of each
ensemble algorithm combining different neural networks, and heuristically
optimized the model architecture (see Supplementary Table 3). The highest
performance was achieved by stacking WaveNet, trained on waveforms,
with EfficientNet, trained on mel spectrograms, and further integrating
them using the Light GBM ensemble algorithm. This outcome highlights the
synergy achieved by leveraging the complementary strengths of each net-
work: WaveNet for capturing intricate acoustic features from waveforms
and EfficientNet for discerning patterns within mel spectrograms***. The
stacking ensemble technique, such as Light GBM, integrates these networks
to comprehensively analyze diverse aspects of acoustic data, leading to a
substantial performance improvement.

Performance evaluation of the proposed model

The proposed model was evaluated on the test dataset, which includes
coughing, speaking, swallowing, and throat-clearing events. Figure 6a pre-
sents a normalized confusion matrix of our deep ensemble model. The
ensemble model exhibited outstanding classification accuracies for each
event: coughing (93%), speaking (98%), swallowing (100%), and throat
clearing (90%). A comparison between the proposed model and previous
studies regarding the classification of throat-related events is summarized in

Table 1'% Multi-label classification models reported in previous
studies show low accuracy due to their inability to reflect diverse char-
acteristics to discern each class™******. However, due to hardware config-
urations and measurement data differences across studies, directly
comparing prior classification models using our dataset is challenging. To
address this, we employed well-known models to quantitatively demon-
strate that the lower accuracy, typically observed with single networks in
previous studies, can be significantly improved through ensemble
methods™***. As shown in Fig. 6b, the proposed model outperformed the
accuracy of individual networks. Our model showed higher accuracy across
all events than the mel spectrogram-based EfficientNet, which exhibited the
second-highest performance, notably achieving a 5% increase in coughing
classification (see Supplementary Fig. 5). Our approach using multi-modal
data and the ensemble method enabled performance enhancement by
facilitating the identification of distinguishing features for throat-related
events. Additionally, our model exhibited consistently high accuracy for
various language groups (see Supplementary Fig. 7). The speaking events
maintained high classification accuracy across all groups, indicating the
minimal impact of linguistic differences on the model’s performance. This
result suggests that throat-related events are classified based on generic
acoustic features, such as harmonic patterns, rather than linguistic
characteristics™. However, slight variations in classification accuracy were
observed across language groups, particularly in the German and Spanish
groups. These variations were due to lower accuracy in classifying throat-
clearing events caused by differences in throat-clearing signal patterns
across individuals™. The macro-averaged receiver operation characteristic
(ROC) curves are illustrated in Fig. 6¢. The proposed model achieved an area
under the ROC curve (AUC) of greater than 0.99, indicating high sensitivity
and specificity with excellent discrimination between positive and negative
classes.

Practical demonstration of the proposed algorithm

We demonstrated the proposed system in daily-life environments, con-
firming its outstanding accuracy for classifying throat-related events and
highlighting its superior noise immunity, sound sensitivity, and hardware
durability. Figure 7a illustrates the collection of acoustic signals utilizing the
STVS while a subject walked at a consistent speed of 4 km/h. The STVS
remained securely attached to the subject’s neck after the experiment, and
acoustic signals emanating from throat vibrations were recorded precisely,
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Fig. 6 | Performance metric of our ensemble-based deep learning model.

a Normalized confusion matrix of the ensemble model on the test dataset. All event
classification accuracies exceed 90%. The evaluation of b accuracy and ¢ macro-
averaged receiver operating characteristic (ROC) curves across single neural net-
works and proposed ensemble model on the test dataset. The abbreviations denoted
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distinct preprocessing techniques: ‘w’ for waveform, ‘fy’ for fundamental frequency,
‘s’ for spectrogram, and ‘m’ for mel spectrogram. The ensemble model achieves the
highest accuracy of 95.96% and an area under the ROC curve (AUC) value of 0.99 for
classifying the four events.
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Fig. 7 | Throat vibration monitoring in daily life with the soft skin-attachable
throat vibration sensor (STVS). a Experimental setup of vibration signal mea-
surement during walking on a running track with a 4 km/h speed. b Vibration signal
measured by the STVS. The outstanding stretchability of the STVS mitigated motion
artifacts caused by walking. The throat-related events, such as coughing, speaking,
swallowing, and throat clearing, were precisely detected through the proposed
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classification model. ¢ An experimental setup was used to measure throat vibration
signals while a subject was conversing with another person. d Vocal signal measured
by a conventional acoustic microphone. The sounds caused by throat-related events
in the subject interfered with conversations of another subject and ambient noise.
e Throat vibration signal measured by the STVS. The measured signal is clear and
accurately classified.

as shown in Fig. 7b. Our classification model accurately identified coughing
and throat-clearing events during free speech. Additionally, we conducted a
subsequent test at an increased speed of 8 km/h to evaluate the impact of
motion artifacts (see Supplementary Fig. 8). Motion artifacts and baseline

wandering caused by running were removed through a high-pass filter
embedded in the STVS. Our classification system achieved an accuracy of
95.16% under this vigorous condition, comparable to the 95.96% attained
with the test dataset, which was measured in a static environment. This
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result demonstrates the system’s robustness and reliability in real-world
scenarios. Furthermore, we assessed the impact of environmental factors such
as head movement and sweat (see Supplementary Fig. 9). The subject
intentionally moved their head while performing throat-related events, and
1 mL of deionized water was applied between the sensor and the neck skin to
simulate sweat. These factors did not affect the STVS’s accuracy in detecting
the four throat-related events. As depicted in Fig. 7c, we also demonstrated
the detection of throat-related events during conversations. The subject
performed throat-related events during free speech without additional
instructions. To highlight the noise immunity of the STVS, voice signals were
simultaneously measured using both the STVS and a conventional acoustic
microphone (BOYA, BY-PVM50). The acoustic microphone captures the
user’s voice and extraneous sounds, such as other people’s conversations and
environmental noise. Therefore, the sounds produced when swallowing or
throat clearing can be masked by other people’s voices, limiting accurate
classification of throat-related events, as shown in Fig. 7d. In contrast, the
STVS specifically measured the signals resulting from the subject’s throat
vibrations, regardless of external noise. As shown in Fig. 7e, the proposed
classification system, encompassing the STVS and the multi-modal ensemble
model, successfully detected all throat-related events precisely. Additionally,
free speech signals, such as loud talking and laughing, were accurately clas-
sified as speaking by our model (see Supplementary Fig. 10).

Discussion

In this study, we developed an advanced healthcare system for real-time
monitoring of throat-related events, devising a soft skin-attachable throat
vibration sensor (STVS) and an ensemble classification model. The STVS
was designed with a small and stretchable form factor, ensuring continuous
signal monitoring even during movement. Moreover, our model achieved
high accuracy in classifying throat-related events such as coughing, swal-
lowing, speaking, and throat clearing by integrating multi-modal data and
optimizing neural network architectures. This advancement offers a sig-
nificant improvement in the management of dysphagia compared to pre-
vious approaches.

Most previous studies employed conventional acoustic microphones,
which struggle to detect subtle sounds such as swallowing events and are
susceptible to ambient noise, thereby complicating the precise observation
of various throat-related events'®”**. Several studies have proposed skin-
attachable sensors to detect multiple events from throat vibrations™ %",
However, the limited form factor of these sensors presents challenges in
attaching them to the laryngeal prominence, which is optimal for precisely
capturing vocal cord vibrations™™. In this study, we successfully affixed
sensors to the narrow and contoured laryngeal prominence through a
strategy of hardware dualization, facilitating the acquisition of high SNR
acoustic signals. We experimentally measured the vibration signals above
the laryngeal prominence, and this location exhibited significantly higher
sensitivity and SNR compared to the suprasternal notch and the side of the
neck in previous methods (see Supplementary Fig. 11)”***, Furthermore,
the stretchable serpentine structure of the wearable hardware was meticu-
lously adapted to the anatomical contours of the neck, ensuring consistent
and stable signal acquisition even when the wearer is moving. Our sensor’s
adaptability to the dynamic movements of the neck marks a considerable
improvement in patient comfort and data reliability, which are often
compromised in traditional monitoring methods.

Most of the previous studies on the classification of throat-related
events utilized single neural networks such as ResNet and SVM™**%%,
These networks often rely on a single type of input data, which limits the
diversity of features and increases the risk of overfitting. The limitation was
evident in the Grad-CAM results from our analysis of EfficientNet. This
image-based neural network struggles to accurately classify similar signals
like coughing and throat clearing, resulting in lower classification accuracy
and limited generalizability. Our approach leverages signal domain diver-
sification and an optimized ensemble technique for multi-feature extraction
to address these issues. The proposed ensemble technique combined the
strengths of various neural networks, allowing for a more nuanced

understanding of complex acoustic signals associated with different throat-
related events. This method achieved the highest accuracy for throat-related
events classification compared to previous studies. Even though we utilized a
few representative networks in the ensemble process for model develop-
ment, this approach can be integrated with a broader range of networks,
potentially contributing to enhanced performance in future work.

In conclusion, our innovative healthcare system ensures precise
detection of throat-related events through significant advancements in both
hardware and software. This breakthrough highlights the effectiveness of
our sensor system in a critical healthcare application and establishes a new
standard for the development of diagnostic tools aimed at enhancing the
prognosis and management of dysphagia. By providing a reliable, real-time
monitoring solution, our system holds the potential to significantly improve
patient outcomes, enabling timely interventions and more personalized
treatment strategies. As we refine and expand upon this technology, we
envision a future where advanced diagnostic tools like ours become integral
to managing dysphagia and other related conditions, ultimately con-
tributing to better health and quality of life for patients.

Methods

Fabrication of hardware and soft encapsulation

The flexible printed circuit board (fPCB) was fabricated by a PCB
manufacturer (Hansaem Digitec, Korea). Multiple integrated circuit
(IC) chips were electrically attached to the fPCB through an infrared IC
heater (Puhui Electric Technology, T-962) with solder paste (ChipQuik,
SMD4300AX10T5).

The STVS included the following elements: (1) an inertial measure-
ment unit (IMU, TDK InvenSense, IIM-42652) to measure the z-axis
acceleration on the throat, featuring a sampling rate of 6400 Hz and a
dynamic range of +4 g; (2) a microcontroller unit (MCU, STMicroelec-
tronics, STM32WB55CGU6) to control the system and enable wireless
communication; (3) a2 Gb NAND flash memory (Micron, MT29F2G01) to
store the acquired data; (4) a battery management IC (Shenzhen Fuman
Elec, TC4056A) and a 50 mAh Li-Po battery to supply power; and (5)
associated passive components such as resistors, capacitors, and inductors.
The MCU controlled the IMU and NAND flash memory via a serial per-
ipheral interface. A high-pass filter (cut-off frequency: 20 Hz) was embed-
ded in the MCU to remove baseline wandering from the acceleration signals.
The processed signals were then transmitted to a mobile device through BLE
(see Supplementary Fig. 12). The quantitatively calculated battery duration
of the STVS was 5.2 h with a 50 mAh Li-Po battery.

A soft encapsulation was made of polymer (XINUS SILICONE,
SH3264) to protect the hardware. The bottom and top layers of the
encapsulation structure were formed using female and male polylactic acid
molds produced with a 3D printer. The uncured polymer was poured into
the female mold and covered with the male mold. Subsequently, the
assembly was cured at 50 °C for 6 h in an oven. Two layers of the encap-
sulation were fabricated using the same procedure. After all layers were
manufactured, the fPCB was mounted between the bottom and top layers.
Then, the uncured polymer was poured onto the contact surface of the layers
and cured at 50 °C for 6 h to establish a robust mechanical bond. The
underside of the completed encapsulation was bonded with double-sided
silicone acrylate adhesive (3 M, 2477p) for attaching the device to the skin.

Subjects and dataset
We conducted the measurement with subjects covering diverse ages, gen-
ders, and linguistic backgrounds (see Supplementary Table 1). The study
was approved by the Institutional Review Board of Pohang University of
Science and Technology (PIRB-2023-E010) and by the Ethics Committee of
Northwestern and Central Switzerland (BASEC-No: Req-2022-0082). All
the subjects provided informed consent following a comprehensive expla-
nation of the study procedures. Additionally, all individuals depicted in the
images provided written consent for publication.

The data acquired with the STVS were categorized into training and
test datasets based on spoken language during the study (see Supplementary
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Table 2). The training dataset included English-speaking subjects’ throat-
related events, such as coughing, speaking, swallowing, and throat clearing.
Conversely, the test dataset comprised these same events, but they were
derived from subjects with various linguistic backgrounds, including Eng-
lish, French, German, Spanish, and Korean. Our experimental protocol
sampled spoken words from the TensorFlow speech commands dataset in
each language’s native form™.

Computing infrastructure

The hardware setup for data processing included an Intel i7-6800K Pro-
cessor, 128GB RAM, and 8TB SSD storage. On the software front, we
utilized the Windows 10 operating system. We employed Python 3.11.5 to
develop our application, leveraging its extensive libraries for data analysis
and machine learning. This integrated computing infrastructure provided a
reliable and scalable platform for conducting our extensive data analyses.

Signal preprocessing for deep learning model
Data augmentation techniques were implemented to enhance the training
dataset’s diversity and prevent overfitting”’. The data was expanded thir-
teenfold through flipping, moving, scaling, and noise injection operations®.
This augmentation process generated 25,792 coughing, 27,391 speaking,
26,364 swallowing, and 27,157 throat-clearing events.

The training dataset was then transformed into the waveform, fo,
spectrogram, and mel spectrogram (see Supplementary Fig. 6). f, values
were estimated using the robust algorithm for pitch tracking (RAPT), which
leverages normalized cross-correlation function to track the pitch in speech
data®. The waveform and f,, representing time-series data, were utilized as
inputs for the WaveNet. Spectrogram and mel spectrogram images were
generated using the STFT. The frame and overlap of the Hanning window
for STFT were set to 80 ms and 87.5%, respectively, and the coefficient of the
mel filter bank was 128. These images were resized to 224 x 224 and nor-
malized before serving as inputs for the ResNet50 and the EfficientNet.

Deep neural network

We utilized three state-of-the-art neural networks (WaveNet, ResNet50,
and EfficientNet) to distinguish throat-related events. The structures of
these three networks were as follows:

1. In the WaveNet, each layer comprised 32 input and 32 output
channels®. Specific layers adjusted dilation rates to effectively capture
information from the distant layers. In addition, the residual and skip
modules addressed gradient vanishing issues. The final output was
predicted through a fully connected layer with 256 features, mapping to
four classes.

2. The ResNet50 processed input images with a dimension of 224 x 224,
utilizing a 7 x 7 convolutional layer to detect 64 features”. Each layer
incorporated residual blocks, employing 1 x 1 convolution to match
input and output dimensions. After the last convolutional layer, the
global average pooling layer reduced the spatial dimension by calcu-
lating the average values. Finally, a 2048-dimensional fully connected
layer predicted the output class.

3. The EfficientNet processed input images sized 224 x 224", Initially, a
padding module with a 3 x 3 kernel was employed, featuring 32 input
and 32 output channels. Then, the network’s MBConv block incor-
porated depthwise separable convolution with various kernel sizes and
strides. Additionally, the squeeze-and-excitation mechanism empha-
sized inter-channel relationships, enhancing the network’s expressive
power. Following the last block, the output class was predicted through
global average pooling and a fully connected layer with 1280 features.

The training process for all deep neural networks followed a
fivefold cross-validation procedure, employing the Adam optimizer
and utilizing cross-entropy as the loss function. During training, the
increase in accuracy and reduction in loss across all networks indicated
the effective capture of underlying patterns within the data (see Sup-
plementary Fig. 13).

Gradient-weighted class activation mapping

The gradient-weighted class activation mapping (Grad-CAM) technique
was employed to highlight the crucial regions in the image relevant to the
network’s decisions®. This process entails computing the gradients of the
predicted class in the last convolutional layer to generate a heatmap. The
redder regions within the heatmap indicate the more significant features in
the neural network prediction.

Ensemble model

The architectures of the seven algorithms used to ensemble individual

networks were as follows:

1. The GBM employed the deviance loss function and constructed an
ensemble of decision trees”. It sequentially fitted new trees to correct
the errors of the previous ones, with a learning rate of 0.1. The indi-
vidual trees had a maximum depth of 3, and the ensemble comprised
100 such trees. The model utilized the entire training dataset for
growing trees, setting the minimum samples for node splitting to 2 and
leaf nodes to 1.

2. The RF classifier created an ensemble of decision trees with 100 trees™.
Each tree was constructed using the Gini criterion for impurity, with no
restriction on the maximum depth. The model established a minimum
of 2 samples for node splitting and 1 sample for leaf nodes. The number
of features to consider for the best split was automatically determined.

3. The XGBoost classifier was a boosted tree algorithm with 100 trees and
a learning rate of 0.148". Each tree had a maximum depth of 3 and

utilized the entire training dataset. The feature sampling rate was set to

1 when constructing each tree, considering all features. Additionally,
regularization terms were set to zero.

4. The LightGBM enhances the speed of GBM, using a leaf-wise splitting
strategy™’. It had 31 maximum leaves per tree, unlimited tree depth, and
a learning rate of 0.1 across 100 boosting iterations. These parameters
were selected to enhance performance and efficiency in capturing
intricate patterns within the data.

5. The extra trees classifier formed an ensemble of 100 decision trees,
using the Gini criterion for impurity and imposing no restrictions on
the maximum tree depth’'. Like the RF classifier, the number of fea-
tures considered for the best split was determined automatically.

6. The AdaBoost classifier built an ensemble of 50 weak learners with a
learning rate of 1.0, using the SAMME.R algorithm™. The ensemble
adapted to misclassified samples, emphasizing difficult-to-classify
instances in subsequent iterations.

7. The SVM classifier operated as a nonlinear classification model using
the radial basis function (RBF) kernel™. The RBF kernel was char-
acterized by parameters such as gamma (set to scale) and a default
degree of 3 for the polynomial kernel. Using the regularization para-
meter, it sought the hyperplane that best separated classes in the feature
space. Finally, the decision function was determined by the one-vs-rest
scheme for multi-class classification.

Data availability
The data supporting this study’s findings are publicly available on Zenodo at

https://doi.org/10.5281/zenodo.12630148.

Code availability
The ensemble-based deep learning model codes are available on GitHub at
https://github.com/yonghunsong/Throat-related-events-classification.git.
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