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1  |  INTRODUC TION

Sleep apnea is a chronic disorder associated with an increased 
risk of cardiorespiratory (4 folds; Fletcher et al., 1987) and neu-
rocognitive (1.2 folds) disorders (Davies & Harrington, 2016). 
Sleep apnea is characterized by intermittent complete (apnea) or 
partial (hypopnea) reductions in respiratory airflow, each lasting 

more than 10 s during sleep. The severity of sleep apnea is com-
monly quantified by the number of apneas and hypopneas per 
hour of sleep, called the apnea/hypopnea index (AHI). However, 
to diagnose sleep apnea, individuals need to undergo overnight in-
laboratory polysomnography (PSG), which is costly, inconvenient 
due to the attachment of >20 sensors, and has a long waiting list 
(2–60 months across the world; Pack, 2004). Therefore, up to 85% 
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Summary
Sleep apnea can be characterized by reductions in the respiratory tidal volume. 
Previous studies showed that the tidal volume can be estimated from tracheal 
sounds and movements called tracheal signals. Additionally, tracheal sounds include 
the sounds of snoring, a common symptom of obstructive sleep apnea. This study 
investigates the feasibility of estimating the severity of sleep apnea, as quantified 
by the apnea/hypopnea index (AHI), using the estimated tidal volume and snoring 
sounds extracted from tracheal signals. Tracheal signals were recorded simultane-
ously with polysomnography (PSG). The tidal volume was estimated from tracheal sig-
nals. The reductions in the tidal volume were detected as potential respiratory events. 
Additionally, features related to snoring sounds, which quantified variability, temporal 
clusters, and dominant frequency of snores, were extracted. A step-wise regression 
model and a greedy search algorithm were used sequentially to select the optimal 
set of features to estimate the apnea/hypopnea index and classify participants into 
healthy individuals and patients with sleep apnea. Sixty-one participants with sus-
pected sleep apnea (age: 51 ± 16, body mass index: 29.5 ± 6.4 kg/m2, apnea/hypopnea 
index: 20.2 ± 21.2 event/h) who were referred for a sleep test were recruited. The es-
timated apnea/hypopnea index was strongly correlated with the polysomnography-
based apnea/hypopnea index (R2 = 0.76, p < 0.001). The accuracy of detecting sleep 
apnea for the apnea/hypopnea index cutoff of 15 events/h was 78.69% and 83.61% 
with and without using snore-related features. These findings suggest that acoustic 
estimation of airflow and snore-related features can provide a convenient and reliable 
method for screening of sleep apnea.

K E Y W O R D S
acoustic analysis, sleep apnea, snoring, tidal volume, tracheal sounds

Patent Owner, CleveMed - Ex. 2029, p. 1

www.wileyonlinelibrary.com/journal/jsr
mailto:﻿
https://orcid.org/0000-0003-0960-9632
mailto:Nasim.Montazeri@uhn.ca
http://crossmark.crossref.org/dialog/?doi=10.1111%2Fjsr.13490&domain=pdf&date_stamp=2021-09-22


2 of 10  |     MONTAZERI GHAHJAVERESTAN et al.

of individuals with a high risk of sleep apnea are not diagnosed 
(Kapur et al., 2002), which is estimated to cost about $150B in 
the USA (Medicine, 2016) and $25B in Australia (Hillman et al., 
2018). To address these challenges, portable home-based devices 
with fewer sensors have been developed to screen sleep apnea 
and estimate AHI.

One of the growing modalities for portable sleep apnea screening 
is based on respiratory sounds/movements recorded non-invasively 
over the trachea (Hafezi et al., 2020; Kalkbrenner et al., 2018; Kulkas 
et al., 2009; Nakano et al., 2004, 2019; Penzel & Sabil, 2017, 2018; 
Yadollahi et al., 2010). Previous studies estimated AHI using tracheal 
sounds combined with pulse oximetry (Cummiskey et al., 1982; Saha 
et al., 2019; Yadollahi et al., 2010), nasal pressure (Glos et al., 2019), 
or actigraphy (Kalkbrenner et al., 2017). Integrating another sensor 
such as pulse oximetry with the device attached over the trachea 
can increase screening accuracy; however, the integrated sensor 
requires synchronization with the tracheal device. Moreover, the 
synchronization complicates the hardware setting, especially for 
home-based use. Therefore, a more convenient and cost-effective 
approach is needed to assess sleep apnea using only the tracheal 
device.

Tracheal sounds/movements, called tracheal signals in this 
paper, include rich information about respiration and acoustic char-
acteristics of the pharynx. There is a strong relationship between 
respiratory airflow and the energy of the tracheal sounds (Gavriely 
& Cugell, 1996; Sabil et al., 2019; Yadollahi & Moussavi, 2008). 
Furthermore, respiratory-related movements over the chest and 
abdomen can be recorded as caudal movements over the trachea 
(Hafezi et al., 2020; Tong et al., 2019). Using tracheal signals in our 
previous study on individuals with suspected sleep apnea, we es-
timated the relative tidal volume overnight with a high correlation 
with the PSG-based references (Montazeri Ghahjaverestan et al., 
2021).

Additionally, tracheal sounds include snoring sounds generated 
by the vibration of the pharyngeal wall and the turbulence of air-
flow caused by a narrowing in the pharynx (Azarbarzin & Moussavi, 
2010; Yadollahi & Moussavi, 2010). In previous studies, snoring 
sounds recorded by an ambient microphone have been analyzed for 
estimating the severity of obstructive sleep apnea (OSA; Abeyratne 
et al., 2005; Ben-Israel et al., 2012; Ng et al., 2009). However, com-
pared with ambient sounds, tracheal sounds are recorded closer 
to the source of snores in the pharyngeal airway (Penzel & Sabil, 
2017). Thus, they are less noisy (Yadollahi & Moussavi, 2010). 
Tracheal snoring sound has been used in one study to identify OSA 
(Azarbarzin & Moussavi, 2013); however, it has never been used for 
estimating AHI.

This study investigated the possibility of estimating AHI regard-
less of the type of respiratory events (central or obstructive) using 
the estimated tidal volume combined with snoring sounds, all ex-
tracted from tracheal signals. The estimated AHI was used to classify 
the population of the study into groups of individuals with (AHI ≥ 15) 
and without sleep apnea (AHI < 15).

2  |  METHOD

2.1  |  Study participants

Adults (age  ≥  18) with suspected sleep apnea referred between 
January 2017 and June 2018 to the sleep laboratory in the Toronto 
Rehabilitation Institute were recruited for this study. The Research 
Ethics Board of the University Health Network approved the pro-
tocol (IRB #: 15-8967). Candidates with an allergy to medical tape 
and history of tracheostomy were excluded from the study. All the 
participants signed written consent.

2.2  |  Study procedures

Each participant underwent overnight in-laboratory PSG using 
Embla® N7000/S4500 (Natus Medical Incorporated). Based on the 
American Academy of Sleep Medicine (AASM) guidelines (Berry 
et al., 2012), PSG recordings were analyzed to annotate apneas and 
hypopneas, from which the PSG-based AHI was calculated for each 
participant. Apnea was defined as a 90% reduction in airflow lasting 
for more than 10 s. Hypopnea was characterized as >30% reduction 
in airflow for more than 10 s, accompanied by a 3% drop in oxygen 
saturation or cortical arousal (Berry et al., 2012). Simultaneously 
with PSG, tracheal sounds and movements were recorded with a 
small wearable device, The Patch (Saha et al., 2019), which included 
a microphone with a sampling frequency of 15,000 Hz and an accel-
erometer with a sampling frequency of 60 Hz. The Patch was taped 
securely over the suprasternal notch. A software program embed-
ded in the microcontroller of The Patch was used to synchronize 
data recording with the PSG. All the participants slept naturally and 
reported no issues with the attachment of The Patch.

2.3  |  Feature extraction

The analyses were performed using Matlab (2018b, MathWorks) 
software. To remove the low and high frequency noises while pre-
serving breathing sounds (Beck et al., 2005) and snoring sounds (Lee 
et al., 2016), the recorded tracheal sounds were bandpass filtered 
using a zero-phase fifth-order Butterworth filter (70–2000  Hz; 
Montazeri Ghahjaverestan et al., 2021; Yadollahi & Moussavi, 2006, 
2010). Then, as this range of frequencies included breathing sounds 
(Yadollahi & Moussavi, 2006) while overlapping with snoring sounds, 
we used an algorithm based on wavelet filtering to remove high en-
ergy patterns related to snoring in different levels of spectral de-
composition (Montazeri Ghahjaverestan et al., 2020). Next, the raw 
tracheal movements in cranial (X) and posteroanterior (Z) directions 
were bandpass filtered with a bandwidth of 0.1–0.35 Hz to extract 
respiratory-related movements. From the filtered signals, a feature 
related to the frequency of respiratory event occurrence and a group 
of snore-related features were extracted.
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The thoracoabdominal range of movement (TARM) was esti-
mated from the filtered tracheal sounds and movements. Moreover, 
the airflow level (AFL) was estimated from tracheal sounds. The al-
gorithms to estimate TARM and AFL signals, as the two estimates 
of tidal volume, have been validated during overnight studies and 
shown to be significantly correlated with the PSG-based refer-
ences (Montazeri Ghahjaverestan et al., 2021). Figure 1 depicts a 
segment of the tracheal data and the related reference airflow and 
the thoracoabdominal range of movement of an individual with 
severe sleep apnea. This figure shows the similar fluctuations be-
tween the thoracoabdominal sum movement extracted from the 
PSG and the movements recorded over the trachea in the X and 
Z axes. Moreover, it shows the changes in the sound energy re-
flecting the changes in the level of the reference airflow. Using 
our previous algorithm (Montazeri Ghahjaverestan et al., 2021), 
the estimated TARM and AFL were extracted from tracheal sig-
nals. In this study, we used the estimated TARM and AFL as the 
inputs of a mathematical model for detecting respiratory events. 

The output of the model was a probability indicating the chance of 
event occurrence at each time instant. In the regions with a high 
probability of event occurrence, the presence of an event was ver-
ified by analyzing the amount of drop in the tidal volume. Figure 2 
illustrates a segment of data and the event probability during a 
hypopnea episode followed by intermittent apneas. More details 
on the event detection algorithm are presented in the Supporting 
Information (section 1). Additionally, the sleeping periods were 
extracted from the tracheal sounds and movements based on a 
sleep/wakefulness detection algorithm previously presented by 
Montazeri Ghahjaverestan et al. (2021). By counting the detected 
events and normalizing them over the sleeping time, a rough esti-
mate of AHI was obtained as the EventFrequency feature.

Snoring episodes were detected by analyzing the tracheal sounds 
and movements (Supporting Information section 2). From the de-
tected snoring episodes, seven features were extracted, including 
Melcepstability, RunningVariance, average and standard deviation of 
Pitch and PitchDensity.

F I G U R E  1 An example of the recorded thoracoabdominal sum movement, the related airflow, and synchronized recording of 
tracheal sound energy and movements in X and Z directions in a subject with severe sleep apnea with AHI = 83.7. Average energy and 
range of movements in X and Z directions were extracted from tracheal signals and used for estimating the tidal volume based on the 
thoracoabdominal range of movement (TARM). The lower envelope of the sound energy was extracted to estimate the tidal volume 
based on airflow level (AFL). The last two panels show the reference tidal volume TARM and tidal volume AFL traced with line and the 
corresponding estimated signals in dotted line
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Melcepstability indicates how the snoring patterns are similar 
in a subject (Ben-Israel et al., 2012). RunningVariance was a feature 
for presenting the variability in the average energy of snores, which 
were temporally clustered in the overnight data. Pitch quantified the 
dominant frequency of the snores, while PitchDensity indicated the 
portion of snoring where the related Pitch frequency was detect-
able. A detailed definition of the features is presented in Supporting 
Information (section 3).

2.4  |  Feature selection

The following analysis was performed in R (i386 3.4.1) software. 
To find the best subset of features to estimate AHI, feature selec-
tion was performed in two stages. In the first stage, a step-wise 
regression (Murphy, 2012) found a subset of features that mostly 
contributed by predicting AHI variations. In the second stage, dif-
ferent combinations of the selected features were analyzed (greedy 
analysis) to enhance classifying subjects into healthy and those with 
sleep apnea based on the AHI cut-off of 15.

2.5  |  AHI estimation

After extracting the best combination of the features in the second 
stage, a multivariate regression model was developed (modelFreq-Snr). 

The performance of the modelFreq-Snr in estimating AHI and clas-
sifying participants was compared with another model, which was 
trained only by EventFrequency (modelFreq) to quantify the improve-
ment achieved by snoring features.

2.6  |  Statistical analysis

The performance of the event-detection algorithm was quantified by 
reporting the sensitivity, precision, and F1-score for different sleep 
apnea severity groups. An event was marked as true-positive if there 
was an overlap between the detected and reference annotations. 
Undetected reference events and normal segments which were mis-
takenly detected as events were considered as false-negative and 
false-positives, respectively.

Using the EventFrequency and snore-related features, 
modelFreq-Snr and modelFreq were developed using a training set ran-
domly selected as 2/3 of the data (40 subjects). Then, the models 
were validated on the remaining 1/3 of the data (21 subjects) as the 
validation set. An unpaired t-test was used for the statistical com-
parison of demographics between the training and validation sets. 
To evaluate the models on a larger training set, another validation 
process was performed by the leave-one-subject-out (LOSO) pro-
cess (Wong, 2015). In both validation processes, the estimated AHI 
was used for classifying each participant as individuals with or with-
out sleep apnea based on different AHI cut-offs of (10, 15, 20, and 

F I G U R E  2 An example of event detection performance. The detected events are marked in the regions with higher event probability and 
drop in the estimated tidal volume signals. Light and dark-shaded regions highlight hypopnea and apnea, respectively
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30), for which accuracy, sensitivity, and specificity of the classifica-
tion were reported.

Pearson correlation was used to analyze the agreement of 
EventFrequency and snoring features with PSG-based AHI. For those 
features presenting a non-linear relationship with AHI, a transform 
was applied based on the training set. Finally, Pearson correlation 
and Bland-Altman plots were used to compare the estimated AHI 
with the PSG-based AHI. For further analysis, the contingency 
table for classification of the participants into four groups of 
healthy (AHI  <  5), and individuals with mild (5 ≤ AHI <  15), mod-
erate (15 ≤ AHI < 30), and severe (AHI ≥ 30) sleep apnea was re-
ported. Based on the contingency table, the Cohen Kappa score was 
reported for four-group and two-group classifications (categorized 
based on AHI cut-off of 15).

3  |  RESULTS

Sixty-four participants agreed to participate in this study. Data 
from three participants were excluded due to the low quality of 
the recorded tracheal data. Sixty-one participants (30 females, age: 
51  ±  16  years, BMI: 29.5  ±  6.4  kg/m2, AHI: 20.2  ±  21.2  event/h) 
were included. The participants’ characteristics and statistical com-
parison between the training and validation sets are presented in 
Table 1. No significant difference was found between the training 
and validation sets for all the demographics.

The performance of the event-detection algorithm is reported 
for different sleep apnea severity groups in Table 2. The event de-
tection showed the best performance (precision of 58.53%) for the 
group with AHI ≥ 30 and lower precision for groups with lower AHI. 
The example traces in Figure 3 demonstrate the overall agreement 
between the detected and reference events for a healthy subject 
and a subject with severe sleep apnea. The EventFrequency calcu-
lated from the detected events was significantly correlated with 
PSG-based AHI (Figure 4, R2 = 0.67, p < 0.001). Furthermore, there 
were significant correlations between PSG-based AHI and Pitchstd, 

PitchDensitymean, PitchDensitystd, and Melcepstability (Figure 5). For 
Melcepstability, a nonlinear relationship was observed. Therefore, 
using the training set, an exponential transformation with 100  × 
exp(−0.076  ×  Melcepstability)−3.35 was fitted for Melcepstability 
(Figure 5a, R2 = 0.23, p < 0.001).

Table 3  shows the result of step-wise regression analysis. 
Sequentially, EventFrequency, Melcepstability, PitchDensitymean, 
RunningVariance, and PitchDensitystd were chosen as predictors of 
AHI with an overall R2 = 0.81, p < 0.001. The final subset of features 
set from greedy research included: EventFrequency, Melcepstability, 
RunningVariance, and PitchDensitystd with R2 = 0.79 (p < 0.001) and 
accuracy of 86.50% for classifying participants using the cut-off of 
15 in the training set. Table 4 presents additional results for different 
AHI cut-offs on the training and validation sets obtained from mod-
elFreq (Table 4A) and modelFreq-Snr (Table 4B). Using modelFreq-Snr, the 
correlations between estimated and PSG-based AHI for the training 
set, validation, and LOSO are depicted in Figure 6. For cutoff 15, the 
validation accuracy of 77.19% (R2 = 0.77, p < 0.001) and LOSO accu-
racy of 83.61% (R2 = 0.76, p < 0.001) were obtained. The contingency 
table related to LOSO cross-validation is shown in Table 5. Based on 
this table, Cohen Kappa scores of 23.4% and 57.2% were obtained 
for the four-group and two-group classification, respectively.

Similar analyses were performed for estimating OAHI, for which 
EventFrequency, PitchDensitystd, Melcepstability, PitchDensitymean, 
RunningVariance, and Pitchmean were selected with R2  =  0.66 
(p < 0.001). More results for OAHI estimation have been provided in 
the Supporting Information (Section 4).

4  |  DISCUSSION

The main contributions of this research are to present that: (i) the 
tidal volume extracted from the overnight tracheal sounds and 
movements can estimate the frequency of respiratory events that 
was significantly correlated with PSG-based AHI, and (ii) AHI esti-
mation can be improved by using snoring features extracted from 

TA B L E  1 Participants’ characteristics

Characteristics Total (N = 61) Training (N = 40) Validation (N = 21) p-Value

Male (female) 31 (30) 19 (21) 12 (9) 0.79

Body mass index (kg/m2) 29.5 ± 6.4 29.9 ± 6.8 28.7 ± 5.6 0.64

Age (years) 51 ± 16 48 ± 16 57 ± 15 0.64

Epworth sleepiness score 8 ± 4 7 ± 4 8 ± 5 0.62

AHI (events/h) 20.2 ± 21.2 18.2 ± 19.4 24.2 ± 24.1 0.30

OAHI (events/h) 16.9 ± 19.3 15.0 ± 16.2 20.5 ± 24.2 0.56

CAHI (events/h) 2.3 ± 6.4 1.7 ± 3.4 3.6 ± 9.8 0.30

Sleep efficiency (%) 75.9 ± 16.2 77.6 ± 14.2 72.8 ± 19.6 0.47

Total sleeping time (min) 307 ± 88 303 ± 86 315 ± 94 0.52

Detected snoring episodes 2515 ± 1040 2504 ± 944 2535 ± 1228 0.91

Note: Data are presented as mean ± standard deviation.
Abbreviations: AHI, Apnea/Hypopnea Index; CAHI, Central AHI; OAHI, Obstructive AHI; TST, total sleep time.
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tracheal sounds. The estimated AHI presented a strong correlation 
of R2 = 0.76 (p < 0.001) with the PSG-AHI for LOSO cross-validation. 
For the AHI cutoff of 15, the AHI estimation algorithm was able to 
differentiate individuals with and without sleep apnea with 86.67% 
sensitivity (no sleep apnea) and 80.65% specificity (sleep apnea).

To extract EventFrequency, surrogates of tidal volume were 
estimated from tracheal signals. Measurement of the absolute 
tidal volume from PSG requires the airflow and respiratory move-
ments, known as gold standard signals for assessing respiration 
(Berry et al., 2012), to be calibrated. However, the calibration 
of gold standard signals is an inconvenient and tedious process 
during the overnight study. Therefore, we previously proposed 

two algorithms to extract surrogates of tidal volume: 1, the esti-
mate of TARM from tracheal sounds and movements, and 2, the 
estimate of AFL from tracheal sounds (Montazeri Ghahjaverestan 
et al., 2021). In the same study, it was shown that the estimated 
tidal volumes, similar to the gold standard tidal volume, decreased 
significantly during apneas and hypopneas compared with normal 
breathing. This provided a proof of concept that the estimated 
tidal volume signals can be used for detecting apneas/hypopneas, 
and ultimately, estimating AHI. Therefore, in this study, the regions 
with a high chance of apnea/hypopnea occurrence were analyzed 
to extract the EventFrequency feature from estimated tidal vol-
umes. Based on the step-wise regression results, EventFrequency 
had the highest contribution in predicting the variability observed 
in AHI (R2 = 0.67).

A more accurate estimation of AHI was obtained by including 
the tracheal snoring sound features. Recent studies have investi-
gated the possibility of assessing OSA using the features extracted 
from snoring sounds (Abeyratne et al., 2013; Ben-Israel et al., 2012; 
Herath et al., 2015; Karunajeewa et al., 2010). For OSA analysis 
using snoring, the features such as Melcepstability, RunningVariability, 
and PitchDensity were proposed by Ben-Israel et al. (2012). They re-
corded the snoring sound overnight using an ambient microphone 
and successfully estimated OAHI with R2 = 0.81 (p < 0.001). These 
features may be less sensitive to snore intensity, which can be af-
fected by the severity of OSA as well as body posture (Nakano 
et al., 2003). Moreover, the limitations of detecting AHI based on 
only snoring sounds are that this method cannot estimate AHI in 

TA B L E  2 Event-detection performance for different apnea-hypopnea index (AHI) groups

AHI groups N Precision Sensitivity F1 score

AHI < 5 19 6.96 ± 8.25 23.97 ± 20.22 9.16 ± 8.60

5 ≤ AHI < 15 12 24.37 ± 11.21 25.71 ± 9.33 23.09 ± 7.60

15 ≤ AHI < 30 16 36.01 ± 18.81 23.7 ± 9.96 27.35 ± 12.65

30 ≤ AHI 14 58.53 ± 20.06 35.56 ± 12.08 42.91 ± 13.5

F I G U R E  3 Example traces for 
comparing the detected respiratory 
events compared with the related 
reference annotations extracted from PSG 
for two subjects with A: AHI < 5 and B: 
AHI ≥ 30
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F I G U R E  4 The assessment of agreement between 
EventFrequency and PSG-AHI

 13652869, 2022, 2, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/jsr.13490 by E

lena D
eN

oia , W
iley O

nline L
ibrary on [23/10/2025]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense

Patent Owner, CleveMed - Ex. 2029, p. 6



    |  7 of 10MONTAZERI GHAHJAVERESTAN et al.

non-snorer individuals or in those with central sleep apnea caused 
by the lack of respiratory drive from the brain (White, 2005).

In contrast, in this study, snoring sounds were recorded using a 
one-directional microphone attached to the trachea, reducing the 
ambient noises. Moreover, the snore-related features were em-
ployed along with EventFrequency (based on respiratory patterns) to 
assess sleep apnea in a population including snorers, non-snorers, 
healthy subjects, and those with different types of sleep apnea. By 
including snore-related features in AHI estimation, we improved the 
agreement with reference AHI by 0.12 (R2 = 0.79) on the training set.

The results on analyzing agreement between the extracted 
features and the PSG-based AHI demonstrated higher vari-
ations in snore-related features for higher AHI, especially in 
PitchDensitystd and Pitchstd. Similar results were reported previ-
ously where it was found that the variability in snoring sounds 
was associated with the severity of OSA (Azarbarzin & Moussavi, 

2013). These results support the fact that higher AHI is charac-
terized by more instability and collapsibility in the upper airway 
(Malhotra & White, 2002).

One limitation of this study is related to the potential bias to the 
snore detection algorithm and the annotator's perception through 
the procedure of validating the algorithm by manually annotating the 
snoring episodes. To reduce the bias to snore detection, we trained 
the algorithm with a large number of snores (11,000 episodes). 
Another limitation is the small sample size that could be addressed 
in the future by recruiting more participants. Nonetheless, we eval-
uated the performance of the classification method based on LOSO 
cross-validation, which is used in studies with limited sample size. 
Finally, although accurate and reliable detection and classification of 
respiratory events as obstructive or central during sleep are crucial 
concerns for treatment decisions in patients with sleep-disordered 
breathing, however, this study was not designed to identify the type 

F I G U R E  5 The assessment of agreement between A: Melcepstability, B: RunningVariance, C, D: Pitchmean and Pitchstd, and E, F: 
PitchDensitymean and PitchDensitystd with the PSG-AHI

TA B L E  3 Results of step-wise regression analysis to extract the most important features to estimate apnea-hypopnea index (AHI)

Variable entered Step Partial R2 Model R2 Estimatea p-Valuea

EventFrequency 1 0.67 0.67 1.28 <0.001

Melcapstability 2 0.08 0.74 0.86 <0.001

PitchDensitymean 3 0.04 0.78 −168.28 0.02

RunningVariance 4 0.02 0.80 18.81 0.03

PitchDensitystd 5 0.01 0.81 −115.22 0.29

aExtracted from the final model.
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TA B L E  4 The performance of classifying subjects into healthy and sleep apnea patients, using A: modelFreq, B: modelFreq-Snr

AHI cut-off

Hold-out Leave-one-subject-out

Regression training (N = 40) Validation (N = 21) (N = 61)

ACC SEN. SPC ACC SEN SPC ACC SEN SPC

A

5 70.0 92.59 23.08 71.43 93.33 16.67 68.85 92.86 15.79

10 70.0 68.18 72.22 66.67 78.57 42.86 67.21 69.44 64.0

15 80.0 61.11 95.45 76.19 75 77.78 78.69 66.67 90.32

20 82.50 57.14 96.15 76.19 60.00 90.91 80.33 58.33 94.59

30 85.00 25.00 100 90.48 66.67 100 86.89 42.86 100

B

5 77.50 96.30 38.46 76.19 93.33 33.33 77.05 92.86 42.11

10 87.50 100 72.22 80.95 92.86 57.14 80.32 91.67 64.0

15 85.0 88.89 81.81 77.19 91.67 55.56 83.61 86.67 80.65

20 92.5 92.86 92.31 85.71 90.0 81.82 85.25 83.33 86.49

30 92.5 75.0 96.88 85.71 83.33 86.67 86.89 78.57 89.36

Abbreviations: ACC, accuracy of the classification; SEN, sensitivity; SPC, specificity.

F I G U R E  6 The correlation and the related Bland-Altman plots between estimated AHI and PSG-based AHI in, A: Training set,  
B: Validation set, and C: Leave-One-Subject-Out using modelFreq-Snr

TA B L E  5 Contingency table for classification of participants into healthy people and those with mild, moderate and severe sleep apnea

Reference

Healthy (AHI < 5) Mild (5 ≤ AHI < 15) Moderate (5 ≤ AHI < 15)
Severe 
(5 ≤ AHI < 15)

Detected

Healthy (AHI < 5) 3 3 0 0

Mild (5 ≤ AHI < 15) 13 9 9 1

Moderate (15 ≤ AHI < 30) 3 0 7 7

Severe (30 ≤ AHI) 0 0 0 6
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of events. The identification of the events will be included in future 
works.

To conclude, this is the first study of incorporating estimates of 
tidal volume and snoring sounds extracted from tracheal signals to 
estimate AHI. This study provides evidence that the acoustic-based 
wearable device can be used for convenient and robust screening 
of people with suspected sleep apnea, thus addressing the growing 
need for developing portable sleep screening devices.
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