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ONLINE SUPPLEMENT 

METHODS 

Simultaneous Measurements of Pneumotachograph Flow and Nasal Pressure: For 

validation, pneumotach flow and nasal pressure were measured simultaneously (using 

an oronasal mask) in a separate subgroup of patients. A modified single-ended nasal 

cannula was used to measure nasal pressure. One end of nasal cannula was cut, sealed, 

and taped inside the mask and the other end was taped and passed through a sealed 

port in the mask (to prevent air leak) and connected to a pressure transducer (Validyne, 

Northridge, CA). The nasal pressure (unfiltered, DC-coupled) was referenced to the mask 

pressure to measure the pressure difference between inside and outside the nostrils. 

Polysomnography signals, including EEG, chin EMG, EOG, chest and abdominal 

movements, ECG, body position, and SaO2 were recorded. To obtain a more accurate 

estimate of the pneumotach flow, the nasal pressure signal (𝑃𝑁) was linearized by 

different transformations. The nasal pressure signal was raised to different powers 

between 0.5 (square root transformation(1, 2) (�̇�𝑃𝑁0.5)) and 1 (no transformation (𝑃𝑁)) 

to examine the best estimate of pneumotach flow.  

Feature Extraction: The following 32 features were calculated from each breath. 

Discontinuity: To identify a discontinuity, the inspiratory flow was fit with multiple linear 

functions. To fit these functions, changepoint analysis(3) was employed. A changepoint 

analysis involves the identification of times within a signal when the statistical 

properties change (e.g. mean, variance, slope, etc.). In this study, we sought to identify 

the number of linear functions that could be best fit to the flow (while penalizing for 



overfitting) and the times when the slopes of these lines changed. We used MATLAB 

Signal Processing Toolbox (R2016b, MathWorks, Natick MA) to identify these linear 

functions. Once these lines were obtained for all breaths, the following features were 

calculated excluding the trivial fast increase/decrease in flow at the start and end of 

inspiration by examining data between 20 and 80% of inspiratory time (0.2 × 𝑇𝑖 and 

0.8 × 𝑇𝑖): 

a. Discontinuity Index 1 (D1): The highest slope (in L/s2) normalized by tidal volume 

(𝑉𝑇 =
𝑉𝑇𝑖×𝑇𝑒 + 𝑉𝑇𝑒×𝑇𝑖

𝑇𝑖 + 𝑇𝑒
, 𝑉𝑇𝑖: inspiratory tidal volume, 𝑉𝑇𝑒: expiratory tidal volume, 

𝑇𝑖: inspiratory time, 𝑇𝑒: expiratory time). 

b. Discontinuity Index 2 (D2): The highest rise (in L/s) normalized by tidal volume 

(L). 

c. Discontinuity Index 3 (D3): The highest jump in the flow at the changepoints (in 

L/s) normalized by tidal volume. 

Figure S1 demonstrates how these discontinuity indices were calculated. 

Respiratory parameters: (a) 
�̇�𝑚𝑎𝑥1

�̇�𝑚𝑎𝑥
: the ratio of maximal flow during the first third of 

inspiration (�̇�𝑚𝑎𝑥1) and peak inspiratory flow (�̇�𝑚𝑎𝑥), (b) 
�̇�𝑚𝑎𝑥2

�̇�𝑚𝑎𝑥
: the ratio of maximal 

flow during the second third of inspiration (�̇�𝑚𝑎𝑥2) and peak inspiratory flow, (c) 
�̇�𝑚𝑎𝑥3

�̇�𝑚𝑎𝑥
: 

the ratio of maximal flow during the third third of inspiration (�̇�𝑚𝑎𝑥3) and peak 

inspiratory flow, (d) 
�̇�𝑚𝑎𝑥

�̇�𝑚𝑎𝑥𝐸
: the ratio of peak inspiratory and peak expiratory flow 

(�̇�𝑚𝑎𝑥𝐸), (e) 
�̇�𝑚𝑒𝑎𝑛

�̇�𝑚𝑒𝑎𝑛𝐸
: the ratio of mean inspiratory flow (�̇�𝑚𝑒𝑎𝑛) and mean expiratory 



flow (�̇�𝑚𝑒𝑎𝑛𝐸), (f) 
�̇�𝑚𝑒𝑎𝑛

�̇�𝑚𝑎𝑥
: the ratio of mean inspiratory flow (�̇�𝑚𝑒𝑎𝑛)  and peak 

inspiratory flow (g) 
�̇�𝑚𝑒𝑎𝑛

𝑉𝑇
: the ratio of mean inspiratory flow and tidal volume (h) 

�̇�𝑚𝑎𝑥

𝑉𝑇
: 

the ratio of peak inspiratory flow and tidal volume, (i) 
�̇�𝑚𝑎𝑥𝐸

𝑉𝑇
: the ratio of peak 

expiratory flow and tidal volume, (j) 
𝑉𝑇𝑖

𝑉𝑇𝑒
: the ratio of inspiratory tidal volume (𝑉𝑇𝑖) and 

expiratory tidal volume (𝑉𝑇𝑒), (k) 
𝑉𝑇𝑖

𝑉𝑇
:the ratio of inspiratory tidal volume and overall 

tidal volume (𝑉𝑇). Figure S2 demonstrates how these features were calculated. 

Respiratory time parameters: (a) 
𝑇𝑖

𝑇𝑒
: the ratio of inspiratory and expiratory times, (b) 

𝑇𝑖

𝑇𝑖+𝑇𝑒
: breathing duty cycle, (c) 

𝑇𝑚𝑎𝑥

𝑇𝑖
: the ratio of peak inspiratory time and inspiratory 

time, (d) 
𝑇𝑚𝑎𝑥1

𝑇𝑖
: the ratio of time of �̇�𝑚𝑎𝑥1 and inspiratory time, (e) 

𝑇𝑚𝑎𝑥2

𝑇𝑖
: the ratio of 

time of �̇�𝑚𝑎𝑥2 and inspiratory time, (f) 
𝑇𝑚𝑎𝑥3

𝑇𝑖
: the ratio of time of �̇�𝑚𝑎𝑥3 and 

inspiratory time, (g) 
𝑇𝑚𝑎𝑥𝐸

𝑇𝑒
: the peak expiratory time (𝑇𝑚𝑎𝑥𝐸 , referenced to the start of 

expiration) and expiratory time, (h) 
𝑇𝑚𝑎𝑥

 𝑇𝑚𝑎𝑥𝐸
: the ratio of peak inspiratory and peak 

expiratory times. 

Figure S2 demonstrates how these features were calculated. 

Jaggedness: (a) 𝐽𝐼𝑖: inspiratory jaggedness index, (b) 𝐽𝐼𝑒: expiratory jaggedness index, (c) 

𝐽𝐼𝑖

𝐽𝐼𝑒
: the ratio of inspiratory and expiratory jaggedness indices. Inspiratory jaggedness 

index is a modified version of the “curvature index” described by Teschler et al.(4) In this 

study, the inspiratory jaggedness index was defined as the area under “|�̇�20−80 −

�̇�𝑚𝑒𝑎𝑛|” curve divided by 𝑑 × �̇�𝑚𝑒𝑎𝑛. �̇�20−80 denotes the inspiratory flow signal 



between 0.2 × 𝑇𝑖 and 0.8 × 𝑇𝑖 and 𝑑 is the duration of �̇�20−80. The expiratory 

jaggedness index is the equivalent of the inspiratory jaggedness index for the expiration. 

Fluttering: (a) 
𝐹𝑃𝑖

𝐹𝑃𝑒
: the ratio of inspiratory fluttering power (𝐹𝑃𝑖) and expiratory fluttering 

power (𝐹𝑃𝑒), (b) 
𝐹𝑃𝑖

𝑉2̇𝑚𝑎𝑥
: the ratio of inspiratory fluttering power and peak inspiratory 

flow (squared, 𝑉2̇𝑚𝑎𝑥), (c) 
𝐹𝑃𝑒

𝑉2̇𝑚𝑎𝑥𝐸
: the ratio of expiratory fluttering power and peak 

expiratory flow (squared, 𝑉2̇𝑚𝑎𝑥𝐸), (d) 
𝐹𝑃𝑖

𝑉𝑇2: the ratio of inspiratory fluttering power and 

tidal volume (squared, 𝑉𝑇2), (e) 
𝐹𝑃𝑒

𝑉𝑇2: the ratio of expiratory fluttering power and tidal 

volume (squared, 𝑉𝑇2). Note that the fluttering power was obtained from power 

spectrum density in the frequency range of 5-50 Hz. 

Negative effort dependence (𝑁𝐸𝐷): 𝑁𝐸𝐷 =
�̇�𝑚𝑎𝑥−�̇�𝑚𝑖𝑛

�̇�𝑚𝑎𝑥
× 100, where �̇�𝑚𝑖𝑛 represents 

the minimum flow in the interval between 0.25 × 𝑇𝑖  and 0.75 × 𝑇𝑖. 

Expiratory mouth leak index (𝑉𝐸𝐼): Expiratory Mouth Leak (EML)(5) is present when a 

patient inspires through the nose and expires through the mouth. EML is defined when 

a patient breathes in through his nose and breathes out through his mouth. The main 

difference between the flow pattern in EML and non-EML breathing is the loss of 

volume during expiration. To quantify this effect and identify this flow pattern the 

following steps were performed:  

1) The difference between 95th percentile of flow signal and zero flow was defined as 

URange and the difference between zero flow and 5th percentile of flow signal was 

defined as LRange. The URange and LRange were divided into 4 equally-spaced 



regions and lines 1 to 7 were plotted. Note that line # 4 is the zero-flow line (Figure 

S3 (a) and (b)).  

2) Assuming that zero flow can take values of lines 1 to 7, the corresponding tidal 

volume signal was calculated (bottom panel of Figures S3 (a) and (b)).  

3) The difference between reference end-expiratory volume (obtained from curve #4 

corresponding to the true zero flow) end-expiratory volumes of other curves were 

obtained and vEI was calculated as shown in Figure S3 (a) (bottom panel).  

The presence of EML (as in Figure S3 (b)) causes the end-expiratory volumes of curves 5, 

6, and 7 be very close to reference end-expiratory volume and therefore multiple-fold 

greater value for vEI than a breath with no EML. This method is robust even if the 

reference flow was not determined very accurately.  



 

(a) (b) 

(c) (c) 

Figure S1: Example breaths showing how discontinuity indices were calculated using changepoint 

analysis by fitting piecewise linear functions to inspiratory flow. (a) A breath with no discontinuity 

(D1=0.7 s-2, D2=0.13 s-1, D3=0 s-1). (b) An example breath with mild discontinuity (D1=2.7 s-2, 

D2=0.22 s-1, D3=0.14 s-1). (c) An example breath with medium discontinuity (D1=3.4 s-2, D2=0.36 s-

1, D3=0.08 s-1). (d) A breath with severe discontinuity (D1=7.3 s-2, D2=0.73 s-1, D3=0.07 s-1). 



 

Figure S2:  An example breath displaying different features calculated from the tidal volume (𝑉) 

and flow signals (�̇�). 



 

(a) 

(b) 

Figure S3: (a) A breath with no expiratory mouth leak (EML) and 𝑉𝐸𝐼 of 1.2. (b) A breath with 

expiratory mouth leak and 𝑉𝐸𝐼 of 8.8. The EML causes an increase in 𝑉𝐸𝐼. 



Classification: In this study, the term “classifier” is used to denote a linear or nonlinear 

function that maps the flow characteristics (inputs) to a categorical output (non-epiglottic 

breaths vs. epiglottic breaths). In other words, a classifier uses the data that is already classified 

(by a gold standard method) to predict a set of unclassified data (also called supervised 

learning(6)). There are many different classifiers, including Linear Discriminant classifiers, 

Neural Network classifiers, Decision Tree classifiers, Nearest Neighbor classifiers, and Support 

Vector Machine classifiers(7). However, support vector machine (SVM) classifiers tend to 

outperform other types of classifiers, e.g.,  in predicting hypertension in genome-wide 

association studies(8), for building predictive models of small interfering RNAs(9), and in 

chemical toxicity classification(10). In addition, SVM was the second best classifier algorithm 

among 17 different families of classifiers surveyed over 121 large scale datasets(7). Therefore, 

the SVM was chosen as the classifier to separate the breaths associated with epiglottic collapse 

from those associated with other sites of collapse. The following example briefly describes how 

an SVM model can be developed. 

SVM Classifier Example: Assume that the task is to develop an SVM classifier to distinguish 

non-epiglottic breaths from those associated with epiglottic collapse (e.g. shaded breaths in 

Figure S4(a)). Also, suppose that there are only 22 breaths available to develop this SVM 

classifier. Furthermore, for simplicity only two flow features, 𝐷1 and 
�̇�𝑚𝑎𝑥𝐸

𝑉𝑇
 will be used as 

predictors. Figure S4(b) displays the same breaths from Figure S4(a) on a two-dimensional 

graph with x representing the 
�̇�𝑚𝑎𝑥𝐸

𝑉𝑇
 values and y representing the 𝐷1. The circles show the 

breaths with discontinuity, while the triangles show the rounded-shape breaths.  



 

Figure S4: In this simplified example classification scheme (support vector machine), we take 22 

breaths, 13 of which have epiglottic collapse. a) Two characteristics (features) are highlighted, the 

discontinuity index (𝐷1) and normalized peak expiratory flow (
�̇�𝑚𝑎𝑥𝐸

𝑉𝑇
: the ratio of peak expiratory flow 

and tidal volume) and overlaid on the flow trace. b) Plot of characteristics for breaths with epiglottic 

collapse (circles) versus without epiglottic collapse (triangles). The classifier finds a linear boundary 

between groups that maximizes the margin of error (arrows, dashed lines). 

(b) 

(a) 



At this stage, the breaths have been mapped into their 2D feature space. To separate them, 

one can develop many different mathematical functions (or classifiers). For instance, one 

classifier could be a vertical line (or horizontal line) placed at 
�̇�𝑚𝑎𝑥𝐸

𝑉𝑇
= 1.3 (𝐷1 = 2.4); this would 

seem to accurately separate non-epiglottic breaths from epiglottic breaths in this simplified this 

example. However, this will likely result in lower predictive value. In both horizontal and 

vertical cases, the classification margins are smaller than that of the SVM classifier in the 2D 

space because the cutoff is chosen such that the margin between two categories in 2D space is 

maximized. 

Feature Selection and Validation: To develop a robust classifier, it is essential to select an 

optimal number of features to maximize the predictive value in the training and validation data 

sets. Adding more features does not necessarily result in higher predictive value, a concept 

known as overfitting. To prevent overfitting, a sequential forward feature selection process(11) 

was performed within a 10-fold cross-validation(12) framework. Features were included in the 

model sequentially in a forward stepwise manner until there was no further improvement in 

predictive value based on a predefined criterion. The criterion used in this study was the mean 

of sensitivity and specificity which was obtained from 10-fold cross-validation. Specifically, the 

entire data set (1232 breaths) was divided into 10 subsets that were analyzed in 10 iterations. 

For each iteration, a classifier model was trained using the data of 9 subsets and the criterion 

was calculated by testing this SVM classifier on the 10th subset. 

To start with, only the feature that yielded the best predictive value was used. The average 

criterion value over 10 iterations was used to determine whether or not to add a second 



feature. Once no further improvement in the (cross-validated) predictive value was observed 

(i.e. N=7 features), feature selection stopped, and its performance was recorded. After feature 

selection was completed, a classifier was constructed using the entire data set (using N=7 

features). Analyses were performed using MATLAB software (R2016b, MathWorks, Natick MA). 

Linear Mixed Model Example: For example, to test if epiglottic obstruction affects negative 

effort dependence (NED) the following statistical model was used(13): 

𝑁𝐸𝐷 =  𝛽0 +  𝛽1[𝑒𝑝𝑖𝑔𝑙𝑜𝑡𝑡𝑖𝑐 𝑐𝑜𝑙𝑙𝑎𝑝𝑠𝑒] + 𝛽𝑠𝑢𝑏𝑗𝑒𝑐𝑡𝑠𝑢𝑏𝑗𝑒𝑐𝑡 

where 𝛽
1
 describes the effect of 𝑒𝑝𝑖𝑔𝑙𝑜𝑡𝑡𝑖𝑐 𝑐𝑜𝑙𝑙𝑎𝑝𝑠𝑒 (categorical variable: 0 for non-epiglottic 

collapse, 1 for epiglottic collapse) on NED, independent of subject effects (random effect). This analysis 

was repeated to assess the effect of epiglottic collapse on each selected feature. 

RESULTS 

Example video showing simultaneous video recording of airway and airflow: The following 

link shows the epiglottic collapse simultaneously recorded with pneumotach airflow: 

https://mix.office.com/watch/fkta2965egdh. 

Feature selection using 10-fold cross-validation: A total of 7/32 features were selected by 

our algorithm. Figure S5 displays the updated criterion value (the average value of sensitivity 

and specificity) after addition of each new feature. In order of importance these features were: 

𝐷1, 𝐽𝐼𝑒, 
�̇�𝑚𝑒𝑎𝑛

𝑉𝑇
, 

𝑇𝑚𝑎𝑥𝐸

𝑇𝑒
, 

𝐹𝑃𝑖

𝑉𝑇2, 
�̇�𝑚𝑎𝑥𝐸 

𝑉𝑇
, 𝐽𝐼𝑖 (last-selected). 

https://mix.office.com/watch/fkta2965egdh


Epiglottic collapse was predicted by higher discontinuity index (𝐷1), higher inspiratory and 

expiratory jaggedness indices (𝐽𝐼𝑖  and 𝐽𝐼𝑒), lower expiratory peak time index (
𝑇𝑚𝑎𝑥𝐸

𝑇𝑒
), higher 

inspiratory fluttering index (
𝐹𝑃𝑖

𝑉𝑇2
), and higher inverse tidal volume indices including 

�̇�𝑚𝑒𝑎𝑛

𝑉𝑇
  and 

�̇�𝑚𝑎𝑥𝐸 

𝑉𝑇
 (Figure S6). As shown in Figure S5, the final cross-validated accuracy ((𝑠𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 +

𝑠𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦)/2) was 84% (validation data). The classification accuracy (training) was 87% 

(sensitivity = 96%, specificity=78%), indicating a loss of 3% in accuracy when tested on 

independent data.  

Linear mixed effects models: Table S1 demonstrates the results of mixed effect models for 

all seven features selected in the cross-validation framework. The discontinuity index (𝐷1) 

which successfully distinguished 63% of breaths was 2.2 ± 0.38 points larger for breaths 

associated with epiglottic obstruction (p-value = 8.0×10-9, Table S1). The variability of this 

feature due to the random effect of subjects was 1.6 points. The effect of epiglottic obstruction 

on the second (𝐽𝐼𝑒), third (
�̇�mean

VT
) and fourth (

𝑇𝑚𝑎𝑥𝐸

Te
) selected features, quantified by linear 

mixed effect model, was not significant (p-values of 0.09, 0.15 and 0.42, respectively, Table S1). 

However, they improved the cross-validation accuracy by about 15% (Figure S5). The fifth 

feature (
FPi

𝑉𝑇2, quantifying the power of fluttering per given squared tidal volume) was 0.018 ± 

0.006 points larger for breaths associated with epiglottic collapse (p-value = 0.0037, Table S1). 

The variability of this feature due to the random effect of subjects was 0.031 points. The effect 

of epiglottic collapse on the subsequent feature (
�̇�𝑚𝑎𝑥𝐸

𝑉𝑇
) was also not significant (p-values=0.09, 

Table S1), however, its added value was a 1% increase in cross-validated accuracy. The last 



feature, inspiratory jaggedness index (𝐽𝐼𝑖), was 0.09 ± 0.02 points larger for epiglottic-related 

breaths (p-value = 1.1×10-4). The intrasubject variability of this feature was 0.08 points. 

 

Figure S5: Sequential forward feature selection resulted in 7 features. The solid line displays the 10-fold 
cross validated accuracy after adding each feature. The dashed line shows the corresponding accuracy 
(average of sensitivity and specificity) when all the data were used. Note that after addition of third 

feature (
�̇�𝑚𝑒𝑎𝑛

𝑉𝑇
), there is a gap between the two graphs indicating a potential loss of performance if the 

classifier was tested on a new data set. 

 



 

 

Figure S6: Selected features measure three characteristics associated with epiglottic collapse, 
including discontinuity, jaggedness, and reduced tidal volume. Left column displays the flow 
patterns associated with high values of selected features whereas the right column represents the 
flow patterns associated with low values of the corresponding features.  

 



Table S1. Linear mixed-effects models for selected features 

Flow characteristic  

Fixed Effect Random Effect  

Effect of epiglottic collapse, 

𝛽1 ± 𝑆𝐸 (p-value) 

Intercept, 

𝛽0 ± 𝑆𝐸 

subject specific 

intercept, 

𝛽𝑠𝑢𝑏𝑗𝑒𝑐𝑡 (𝑆𝐷) 

Model 

error 

(𝑆𝐷) 

Discontinuity index, 

D1(s−2) 
2.2 ± 0.38 (8.0×10

-9
) 2.1 ± 0.38 1.6

 
4.5 

Expiratory jaggedness 

index, 𝐽𝐼𝑒 
0.03 ± 0.02 (0.09) 0.24 ± 0.02 0.07 0.20 

Normalized mean 

inspiratory flow, 
�̇�mean

VT
(𝑠−1) 

0.02 ± 0.01 (0.15) 0.61 ± 0.03 0.15 0.12 

Normalized peak 

expiratory time, 
𝑇𝑚𝑎𝑥𝐸

Te
 

-0.01 ± 0.01 (0.42) 0.21 ± 0.03 0.12 0.09 

Inspiratory fluttering 

index, 
FPi

𝑉𝑇2  
0.018 ± 0.006

 
(0.0037) 

0.0149 ± 

0.007 
0.031 0.0072 

Normalized peak 
expiratory flow, 
�̇�𝑚𝑎𝑥𝐸

𝑉𝑇
 (𝑠−1) 

0.05 ± 0.03 (0.09) 1.06 ± 0.07 0.31 0.37 

Inspiratory jaggedness 

index, 𝐽𝐼𝑖 
0.09 ± 0.02 (1.1×10

-4
) 0.19 ± 0.02 0.08 0.27 

𝛽1: effect of epiglottic collapse (fixed effect in linear mixed model) 𝑆𝐸: standard error of estimate; 𝛽0: 

estimated intercept in linear mixed model; 𝛽𝑠𝑢𝑏𝑗𝑒𝑐𝑡: subject specific random effect; 𝑆𝐷: standard 

deviation; D1: discontinuity index 1, the ratio of the slope of the steepest line (fitted to the inspiratory 

flow) and tidal volume; �̇�mean: mean inspiratory flow; 𝑉𝑇: tidal volume; 𝑇𝑚𝑎𝑥𝐸: time of peak 

expiratory flow; 𝑇𝑒: expiratory duration; FPi: inspiratory fluttering power; �̇�𝑚𝑎𝑥𝐸: expiratory peak flow. 

The mixed effect model for each variable is 

𝑉𝑎𝑟𝑖𝑎𝑏𝑙𝑒 = 𝛽0 +  𝛽1[𝑒𝑝𝑖𝑔𝑙𝑜𝑡𝑡𝑖𝑐 𝑐𝑜𝑙𝑙𝑎𝑝𝑠𝑒] + 𝛽𝑠𝑢𝑏𝑗𝑒𝑐𝑡𝑠𝑢𝑏𝑗𝑒𝑐𝑡. Example interpretation: 𝐷1 is higher in 

breaths associated with epiglottic collapse by about 2 points considering that 𝐷1 variability due to 

subjects is about 1.7 points. 



 

 

 

 

Figure S7: The correlation coefficients between pneumotach flow features and nasal pressure 

features were higher than 0.8 when nasal pressure was transformed by 𝑃𝑁0.75 ( �̇�𝑃𝑁0.75).  



 

 

 

 

Figure S8:  Selected features (𝐷1, discontinuity index;  𝐽𝐼𝑒, expiratory jaggedness index; 
�̇�𝑚𝑒𝑎𝑛

𝑉𝑇
, 

mean inspiratory flow normalized by tidal volume; 
𝑇𝑚𝑎𝑥𝐸

𝑇𝑒
, peak expiratory time normalized by 

expiratory time; 
𝐹𝑃𝑖

𝑉𝑇2, inspiratory fluttering index; 
�̇�𝑚𝑎𝑥𝐸

𝑉𝑇
, expiratory peak flow normalized by tidal 

volume; 𝐽𝐼𝑖, inspiratory jaggedness index) obtained from pneumotachograph measured flow (�̇�) 
were strongly correlated with their corresponding values obtained from transformed nasal 

pressure �̇�𝑃𝑁0.75).  

 



Validation against nasal pressure recordings: A total of 1768 breaths (177±75 breaths per 

subject) were randomly selected from the polysomnography recordings that contained 

simultaneous measurements of pneumotach flow and nasal pressure. All selected features 

obtained from pneumotach flow were strongly associated with their concurrent values 

obtained from transformed nasal pressure. However, when transformation 𝑃𝑁0.75 was used, all 

the individual correlation coefficients were higher than 0.8 (Figure S7). Figure S8 shows the 

scatter plots of all features obtained from transformed nasal pressure (�̇�𝑃𝑁0.75) against the 

corresponding values obtained from pneumotach flow (�̇�). The strong correlation indicates that 

epiglottic collapse can be reliably identified from nasal pressure recordings performed in clinical 

sleep laboratories. 
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