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Purpose: Sleep apnea (SA) is highly prevalent, but under diagnosed due to inaccessibility of sleep testing. To address this issue,
portable devices for home sleep testing have been developed to provide convenience with reasonable accuracy in diagnosing SA. The
objective of this study was to test the validity a novel portable sleep apnea testing device, BresoDX1, in SA diagnosis, via recording of
trachea-sternal motion, tracheal sound and oximetry.

Patients and Methods: Adults with a suspected sleep disorder were recruited to undergo in-laboratory polysomnography (PSG) and
a simultaneous BresoDX1 recording. Data from BresoDX1 were collected and features related to breathing sounds, body motions and
oximetry were extracted. A deep neural network (DNN) model was trained with 61-second epochs of the extracted features to detect apneas
and hypopneas from which an apnea-hypopnea index (AHI) was calculated. The AHI estimated by BresoDX1 (AHIe50) Was compared to
the AHI determined from PSG (AHIpsg) and the sensitivity and specificity of SA diagnosis were assessed at an AHIpgg > 15.

Results: Two-hundred thirty-three participants (mean + SD) 50 + 16 years of age, with BMI of 29.8 + 6.6 and AHI of 19.5 + 22.7,
were included. There was a strong relationship between AHI, s, and AHIpgg (r = 0.91, p < 0.001). SA detection for an AHlpsg > 15
was highly sensitive (90.0%) and specific (85.9%).

Conclusion: We conclude that the DNN model we developed via recording and analyses of trachea-sternal motion and sound along
with oximetry provides an accurate estimate of the AHIpsg with high sensitivity and specificity. Therefore, BresoDXI1 is a simple,
convenient and accurate portable SA monitoring device that could be employed for home SA testing in the future.
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Introduction
Sleep apnea (SA) is a chronic condition characterized by repetitive cessations (apnea), or reductions (hypopnea) in
breathing resulting in recurrent hypoxia and arousals from sleep. Despite the high prevalence in the general population
(approximately 10%),"> SA is underdiagnosed.’ One reason for this is that standard diagnostic overnight, polysomno-
graphy (PSG), is costly, relatively inaccessible and, because it requires an overnight stay in a sleep laboratory, is
inconvenient for patients.* To address this diagnostic deficiency, several portable sleep apnea monitoring devices have
been developed for home use. Despite having reasonable accuracy in identifying subjects with SA, such devices can be
less accurate and reliable in detecting apneas and hypopneas than PSG.’

Portable devices generally use nasal pressure cannulae for measuring airflow, respiratory inductance plethysmography (RIP)
or piezo-electric crystals for measuring respiratory motion and finger oximetry to measure arterial oxyhemoglobin saturation

(Sa0,) to detect respiratory events. However, during unattended sleep monitoring at home, nasal cannulae, respiratory bands and
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oximeters can be displaced so that signals may either be inconsistent or lost. Another potential and convenient means of assessing
respiratory motion and airflow is through recording of tracheal motion and breath sounds.® These can be assessed by securing an
accelerometer and a microphone over the trachea in the suprasternal notch to measure trachea-sternal movements and tracheal
sounds, respectively. Previous studies have shown that the apnea-hypopnea index (AHI) can be estimated using only tracheal
sounds,” tracheal motion,” ' or both”'* in relatively small numbers of subjects with reasonable accuracy, but not in sufficient
numbers to provide reliable diagnoses in the clinical setting.

We have recently demonstrated that the analysis of trachea-sternal motion and breath sounds can provide a very accurate
estimate of respiratory motion, as assessed by RIP, and changes in airflow, as assessed by nasal pressure, during both wakefulness
and sleep.”” In that study, we also showed that the accuracy of detecting changes in airflow was highest during apneas and
hypopneas. The objective of the present study was to develop a method to accurately detect SA by recording trachea-sternal
motion and sound, along with SaO, and subjecting these signals to deep neural networks (DNNs) with high computing potential.'®
Recent advances in artificial intelligence approaches, especially development of DNNs, have led to their extensive use in health-
care applications and specifically increasing the accuracy of diagnostic sleep apnea testing.!” We employed these techniques to
estimate AHI in a larger population than in previous studies using similar technology. This work has not been published elsewhere
except as an abstract at the Sleep Meeting in 2022.

Materials and Methods

Subjects

Men and women aged 18 years and above who were referred to the University Health Network (UHN) sleep laboratories for
assessment of a possible sleep disorder were included in this study. In-hospital patients, those with self-reported neuromuscular
disorders, obesity hypoventilation, chronic obstructive pulmonary disease, heart failure and subjects who were not fluent in
English were excluded. The study was approved by the Research Ethics Board of the University Health Network (IRB #: 17-6258
and 19-5601). All participants provided written informed consent prior to participation. The study complied with the Declaration
of Helsinki.

Measurements

Polysomnography

Participants underwent an overnight PSG, from which sleep stages, arousals, apneas, and hypopneas were scored by
technicians, blinded to the results of our portable SA monitoring system (BresoDX1, Bresotec Inc., Toronto, ON,
Canada) recordings, according to the American Academy of Sleep Medicine (AASM) guidelines version 2.6.'®
Airflow was measured using a nasal cannula, thoracoabdominal movements by RIP, and SaO, by a pulse oximeter.
Apnea was defined as a >290% reduction in the airflow for >10 seconds. Hypopnea was defined as 30% to 89% reduction
in the airflow with either >3% oxygen desaturation and/or terminated by a cortical arousal. All signals were recorded on
a computerized system (Embla® S4500, Natus Medical Incorporated, Middleton, WI, USA).

Tracheal Signals

Simultaneous to PSG, trachea-sternal motion and tracheal sound were recorded by a 3-dimensional accelerometer and
a microphone, respectively, embedded in a small module, BresoDX1, attached to the suprasternal notch with adhesive
tape (Figure 1). Tracheo-sternal motion and sound were recorded at 100 and 8000 Hz, respectively, and were transmitted
by Wi-Fi to the data collection unit placed on a bedside table A finger pulse oximeter (Nonin 3150 WristOx2® pulse
oximeter-K102350, Plymouth, MN, USA) recorded SaO, data and transmitted them to the data collection unit via
Bluetooth (Figure 1). The BresoDX1 recordings were synchronized to the PSG recording.

Data Analysis

The BresoDX1 data and apneas and hypopneas scored on PSG recordings were analyzed by Python software to develop
a machine learning algorithm. The model was designed to use trachea-sternal motion, tracheal sound, and oximetry data
to detect apneas and hypopneas. From apneas and hypopneas detected by BresoDX1, the AHI was estimated (AHlpeso),
blinded to the AHI scored from the PSG, and then compared to the PSG-based AHI (AHIpsg).
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Figure | The BresoDXI and its computing module, which simultaneously collects trachea-sternal motion and tracheal sound from the BresoDX| and SaO, from the pulse
oximeter.

Preprocessing

Trachea-sternal motion (the three dimensions measured by the accelerometer were, x: cranio-caudal, y: transverse, z:
postero-anterior) and tracheal sound were filtered using five-order zero-phase bandpass Butterworth filters with 0.2—5 Hz
and 200-2000 Hz bandwidths, respectively. Then, the filtered signals were down-sampled to 10 Hz and deemed
movement signals. To remove abrupt changes in the baseline of the signals due to changes in position and motion
artifacts, the signals were segmentally normalized between their 2nd and 98th percentiles. (See the On-line Supplement

for more details). The SaO, signal was smoothed by a fifth-order median filter. The drops in the smoothed SaO,
(desaturations) were identified if: 1) the drop occurred at least 10 seconds after the previous drop, if there was any, ii) the
time between the baseline before the drop and nadir of the drop (dropgepm) Was between 2 and 60 seconds, iii) the
baseline after the drop occurred at least 1 second after minimum level of the drop, otherwise the drop was not considered
to be due to an apnea or hypopnea. Drops longer than 50 seconds were excluded.

Feature Extraction
From the filtered trachea-sternal motion, tracheal sound and the drops in SaO,, a set of features was extracted within
a ten-second window which moved second by second, deemed an extraction window. The features were as follows:

Trachea-Sternal Motion
From the 3-dimensional accelerometer: 1) the sum of the three motions (motiong,,), and 2) the rotational angles defined
as [0 = arctan (-x/(y2 + 2%)%9), ¢ = arctan (y/z)] were extracted.

Tracheal Sound

In order to detect breathing sounds in a manner similar to the human ear,'® first, Mel-frequency cepstral coefficients
(MFCC; 24 features) were extracted from the filtered sound. The more audible the breathing sounds, the greater the
MFCCs that are obtained. Additionally, the signal to noise ratio (SNR), as the second feature, was determined based on
the improved minima controlled recursive averaging technique (IMCRA).?* In IMCRA, first the periodogram of tracheal
sound was calculated. Then, the noise power was estimated for each frequency bin by controlled recursive averaging of
the local minima. Finally, signal power was calculated by spectral subtraction of the estimated noise power from the
spectral content of the sound. Signals were identified as breathing and snoring sounds, and were separated from non-
white and time-variant background noise.

Oximetry

From the oximeter: 1) the occurrence of a drop in SaO, of >3% within a duration of 10 to 50 seconds, 2) the dropgepn;
and 3) the slope of the drop, ie, dropgepn over the length of the drop (dropgjope) Were calculated. Figure 2 illustrates how
the SaO, signal was analyzed. If there was no drop in SaO,, this was considered zero.
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Figure 2 Features extracted from oximetry, including SaO; dropgepe, (D), drop duration (T) and dropgjepe = D/T.

For each of the features extracted within the extraction moving window, the root of the arithmetic mean of the
squared values (RMS), the 5th and 95th percentiles, inter-quartile range (IQR) derived as the difference between the 75th
and 25th percentiles, and median were calculated and fed into a machine learning algorithm, which detected the
respiratory events.

Event Detection

To detect respiratory events, the above-described features were extracted within a detection window of 61 seconds
moving second by second and used as the input of a mathematical model. The model classified each 61-second window
into event or non-event. The model includes two DNNs, one for detecting spontaneous (short-term) changes in the
extracted features (DNN1) and another for detecting long-term changes (DNN2) that were presumably associated with
respiratory events and their iterations (See the On-line Supplementary for further details). In our previous work,”' we

developed an algorithm, based on tracheal recordings, in which body movements associated with wakefulness could be
detected, and deemed in-valid recording time, while periods in which body movements were low acted as a surrogate for
sleep that was deemed valid recording time. Accordingly, in this study, we used this algorithm to assess the amount of
movements in each 30-second epoch of tracheal signals: periods of low body movements were considered valid
recording time, while periods with high levels of body movements were considered non-valid recording time.

The periods of valid recording and the outputs of the two DNNs were then fed into a logistic regression model to
generate the final output indicating the probability of a respiratory event’s occurrence. A threshold (Teyen) Was applied to
the final output to classify each second into event or non-event.

To train the models, tune the hyperparameters of the DNNs, and optimize the value of Teyen, a training set, which
contained 74 of the subjects, was randomly selected. Using the training set, a four-round hold-out validation was
implemented and the models that gave the best F1 score were chosen. Each fold consists of the data of subjects who were
randomly selected within each AHI groups: 1) no sleep apnea: AHI <5, 2) mild sleep apnea: AHI of 5 to <15, 3)
moderate sleep apnea: AHI of 15 to <30, and 4) severe sleep apnea: AHI >30. To optimize Teyent, precision-recall curves
were used on the training set. Finally, the trained event detection algorithm was tested on the rest of the dataset (the test
set, consisting of the remaining of the subjects [N = 159]).

AHI Estimation
Among the detected respiratory events, those detected during non-valid periods were removed. Then, the AHI},.s, Was
estimated for each subject as the number of respiratory events divided by the total valid recording time.

Evaluation Metrics and Statistical Analysis

Statistical analyses were performed in R (1386 3.4.1) software. Demographic characteristics were extracted for the four
AHI groups and the Analysis of Variance (ANOVA) was used to detect significant differences over groups. The
performance of the event-detection algorithm was analyzed by calculating AHI from the detected events and diagnosing
sleep apnea for different AHI cut-offs. Accordingly, precision, sensitivity and F1 scores were calculated for each AHI
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group to determine the accuracy of the event-detection. The diagnostic performance based on the four AHI cutoffs was
presented with accuracy, sensitivity, specificity, F1 and precision. These metrics were reported for the detection algorithm
trained by the three feature sets (tracheo-sternal motion, tracheal sound and oximetry) compared to the feature subgroups
when one of the features was excluded. Also, Pearson correlation and a Bland-Altman plot were used to compare the
estimated AHIy,., to the AHIpgg.

Results

Characteristics of the 233 participants are displayed in Table 1. They were, on average, middle-aged and overweight with
a moderate degree of SA. Figure 3 illustrates a representative trace of BresoDX1 oximeter, sound and accelerometer
signals compared to the simultaneous respiratory reference signals from a PSG during repetitive apneas.

Figure 4 compares the events detected by BresoDX1 qualitatively with PSG-based event scores in a subject without
SA (AHI = 4.0) and a subject with severe SA (AHI = 71.5).

There was a strong correlation between AHI,s, and AHIpgg (r = 0.91, p < 0.001, Figure 5). According to the Bland-
Altman plot, the average error between AHly,.s, and AHIpsg was —3 event/hour with 95% confidence interval [—12 —
15]. Table 2 presents the performance of BresoDX1 in diagnosing SA. Based on an AHI cutoff of >15, BresoDX1
diagnosed SA with 90.0% sensitivity, 85.9% specificity and 87.4% accuracy. Furthermore, the accuracy of BresoDX1 in
diagnosing mild SA (AHI cutoff of >5) and severe SA (AHI cutoff of >30) was 84.3% and 92.5%, respectively (Table 2).
Moreover, Table 2 shows ablation test reflecting the effect of each feature group in improving the accuracy of diagnosis.
Overall, the results confirm that the highest accuracy occurs when the three feature groups were used in training the
event-detection model.

Discussion

In this study, we developed a deep learning model for analyzing tracheo-sternal motions, tracheal sounds and oximetry
from BresoDX1 recordings to estimate AHI and determine the severity of SA. Using this model, we were able to obtain
strong agreement between the BresoDX1-based and PSG-based AHIs (r = 0.91, p < 0.001) and diagnose SA with an AHI
cutoff of >15 with 90.0% sensitivity and 85.9% specificity and 84.4% F1 score.

In our previous study,'” using the BresoDX1 module, we demonstrated that trachea-sternal motion provided an
excellent estimate of chest wall motion assessed by RIP, and a reasonably good estimate of changes in airflow assessed
by nasal pressure during simultaneous PSG. However, a combination of trachea-sternal motion and tracheal sound
improved the estimate of changes in PSG-measured airflow such that mean squared error was less than 5% during normal
breathing and less than 2.5% during apneas and hypopneas. The closer proximity of the tracheal microphone to the
airway allows more accurate detection of intraluminal airflow with higher SNR than a microphone on the chest wall even
at low airflow rates.*

In the present study, we added oximetry to tracheal signals to conform to the AASM criteria'® for a hypopnea that
includes a 3% or greater fall in Sa0,.'® In order to integrate SaO, measurements with trachea-sternal motion and tracheal

Table | Demographics

Characteristics Total Non-Sleep Mild Sleep Moderate Sleep Severe p-value
N =233 Apnea N=77 Apnea N=64 Apnea N=46 Apnea N=46
Age (year) 50 I5 42+ 15 52+ 14 55+ 14 54+ 16 0<0.001
Female (Male) 116 (117) 50 (27) 32 (32) 21 (25) 13 (33) 0.001
Body mass index (kg/m?) 298 * 6.4 280 £ 6.1 293+ 56 299 £52 33376 0<0.001
Apnea-hypopnea index (events/hour) 18.1 £ 20.6 2615 95+29 205 + 44 53.7 + 184 0<0.001
Sleep time (minute) 312 £ 66 311 £ 62 305 £ 65 325 + 61 31377 0.48
Total recording time (minute) 414 + 44 411 + 44 409 + 40 419 + 42 421 £ 49 0.40
Epworth sleepiness scale score 7%5 7%5 7%5 9+5 87 0.10
Oxygen desaturation index (no./hour) 14.0 £ 15.6 3730 92+ 112 145 £ 6.9 372+ 162 <0.001

Notes: Data are expressed as mean * standard deviation. Significant inter-group difference is marked in bold.
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Figure 3 An example of extracted features from BresoDXI recordings compared to reference nasal pressure, the sum of chest-abdominal motion and SaO, from
polysomnography (PSG) during intermittent apneas highlighted by shading. *Motion signals from BresoDX| are normalized; **Mel-frequency cepstral coefficients (MFCC)
have arbitrary units. ***Reference signals from PSG are normalized from arbitrary units.

breath sounds to detect apneas and hypopneas, we extracted several features from these signals, including dips in SaO,
over time and fed them into a mathematical model. In a previous study in which tracheal signals and SaO, were used to
detect respiratory events during sleep, the SaO, signal was only utilized to identify regions where potential events might
occur.?® Furthermore, in that study, SaO, was recorded from a PSG oximeter, whereas in our system, SaO, was recorded
from an oximeter integrated into the BresoDX1 device.

To detect apneas and hypopneas, and diagnose SA according to AASM criteria, commercially available portable sleep
monitoring devices must assess respiratory airflow or motion plus SaO,. This requires four or five points of attachment of
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Figure 5 The agreement between estimated AHly,¢, and the reference AHlps analyzed by (A): Pearson correlation, (B): Bland-Altman plot.

these instruments to patients in different areas of the body and, therefore, is somewhat complicated and inconvenient.
Airflow is generally assessed by nasal pressure cannulae or thermistors, while chest wall motion is generally assessed by
stretchy bands that include either RIP or piezo-electric crystals.**2® However, thermistors are quantitatively insensitive
to changes in airflow, while nasal pressure is insensitive to changes in airflow during mouth breathing and can be
displaced during sleep. RIP and piezo-electric crystal recordings require wearing stretchy chest and abdominal bands that
are inconvenient and can be displaced during sleep, resulting in distortion or loss of signals. In addition, piezo-electric
crystals’ responses to chest wall movements are non-linear, making piezo belts insensitive to hypopneas. Therefore, they
are only recommended by AASM for monitoring respiratory effort and not for respiratory event scoring.'® In contrast,
BresoDX1 only requires two points of attachment: the suprasternal notch and the finger, and is therefore simpler and
more convenient to apply than most other home SA monitoring devices. In addition, because the trachea-sternal module
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Table 2 Diagnosis of Sleep Apnea Based on Different AHI Cutoffs for 159 Individuals in the Test Set Using Sound,
Motion and Oximetry Compared to Their Ablation Tests

Features AHI Cutoff | Sensitivity (%) | Specificity (%) | Accuracy (%) | Fl Score (%) | Precision (%)
Sound 5 94.39 63.46 84.28 88.99 84.17
Motion 15 90.00 85.86 87.42 84.38 79.41
Oximetry 30 96.67 91.47 92.45 82.86 72.50
Sound 5 96.26 32.69 7547 84.09 74.64
Motion 15 91.67 75.76 81.76 79.14 69.62
30 93.33 90.69 91.19 80.00 70.00
Sound 5 98.13 26.92 74.84 84.00 7343
Oximetry 15 91.67 65.66 7547 73.83 61.80
30 96.67 83.72 86.16 72.50 58.00
Motion 5 95.33 40.38 7736 85.00 76.69
Oximetry I5 86.67 78.79 81.76 78.20 7123
30 90.00 94.57 93.71 84.38 79.41

Notes: Number of subjects with AHI =2 5 = 107; Number of subjects with AHI < 5 = 52. Number of subjects with AHI 2 |5 = 60; Number of
subjects with AHI < 15 = 99. Number of subjects with AHI = 30 = 30; Number of subjects with AHI < 30 = 129.

is fixed in-place by adhesive tape, it is resistant to displacement during sleep, resulting a very little signal loss.
Furthermore, the integration of tracheo-sternal motion and breath sounds provides a highly accurate estimation of
changes in airflow'’ that, in combination with oximetry, provides a highly accurate estimate of AHI and detection of
SA at various AHI cut-offs compared to PSG. The advantages of BresoDX1 compared to other portable devices are its
convenience and the robustness of its composite trachea-sternal motion and tracheal sound recordings to estimate
changes in airflow.'> These signals along with SaO, provide sufficient channels to detect respiratory events during
sleep and estimate AHI.

To estimate AHI from the BresoDX1 recordings, the detection algorithm was developed using two DNNs. As DNN1
was trained to detect spontaneous changes in feature time-series, DNN2 took into account the long-term changes and thus
was designed to take into account circulation delay between changes in SaO, detected at the finger and tracheal signals.
Furthermore, we extracted 124 features over time. This many features can be affected temporally by various dynamics
such as respiratory event occurrence, changes in sleep stages and body posture and increases in background noise.
Although DNN2 compensated for dynamic changes, and thus, accurately estimated AHI and AHI cut-offs, there is
significant potential, for example via enhancing its structure, to enhance the accuracy of AHI quantification and SA
detection as well as to detect sleep and wakefulness states and snoring sounds.

Our study has some limitations. First, we did not measure sleep time directly, and used valid recording time as the
denominator for the AHI. Therefore, we may have over or under estimated true sleep time. Nevertheless, this approach is
similar to almost all home SA detection devices, and we demonstrated BresoDX1’s accuracy in estimating AHlIpgg and in
detecting SA at different AHI cut-offs, indicating its validity. Second, BresoDX1 was tested during attended PSG in
a sleep laboratory, not in unattended setting in subjects’ homes. Accordingly, further testing in the latter environment will
be necessary to assess BresoDX1’s ability to detect SA in a more clinically relevant setting.

In conclusion, BresoDX1 is a portable SA testing device that employs trachea-sternal motion and sound, along with
oximetry, to provide accurate estimates of the AHI as well as to detect SA at various AHI cut-offs. It accomplishes this
through the use of deep learning to develop novel algorithms to detect respiratory events. The strengths of the device are
that it is simple and convenient, since it only requires two points of contact for its sensors. Also, the tracheal module is
less subject to displacement and signal loss during sleep than other devices because it is fixed to the skin by adhesive
tape. In addition, since this was the first iteration of the DNNs for signal analysis, the algorithms employed should be
considered prototypes. Consequently, we believe there is room to improve the accuracy of AHI quantification and SA

detection as well as to estimate sleep time via further enhancements to the DNNSs. Finally, as the only expendable item is

430 https: Nature and Science of Sleep 2023:15

Dove!


https://www.dovepress.com
https://www.dovepress.com

Dove Montazeri Ghahjaverestan et al

the adhesive strip, it could easily be used for multiple night monitoring where necessary. It is well-known that there is

2
¥

considerable night-to-night variation in the AHI,”" and for this reason, there is increasing acceptance of multiple night

testing to increase the accuracy of SA diagnosis.”® "
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