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Appendix 
 
A0: Sleep disordered breathing event detection and sleep apnea diagnosis 
 
To further explore ABED's ability to detect sleep-disordered breathing (SDB) events, we present average F1-
score, precision, and recall across subjects in the test set from single-scored datasets (MESA, MrOS, WSC, 
CFS) in supplementary table 1. A similar trend is observed as seen in the per event metrics shown in Table 1: 
the detection for OA is strongest, followed by HYPO, CA, and finally, IRE. However, the overall performance 
metrics are generally lower than those in Table 1, motivating us to investigate how detection performance 
varies based on the number of annotated events in each PSG. 
 
Supplementary Fig. 1 illustrates the relationship between F1-score and the number of events in the PSGs 
across different event types. For OA, HYPO, and IRE detection, a clear and statistically significant 
improvement in F1-scores is evident as the number of annotated events increases. Interestingly, the F1-score 
for CA detection appears unaffected by the number of annotated events in this category. 
 
Supplementary table 1: The F1-score, precision, and recall for each event type (obstructive apnea (OA), central apnea (CA), hypopnea (HYPO), 
isolated respiratory event (IRE), and apnea event (OA or CA or HYPO)) averaged across subjects in the single scored test datasets (MESA, 
MrOS, WSC, CFS). 

EVENT TYPE METRIC 
 F1 Precision Recall 

OA 0.57 ± 0.27 0.53 ± 0.27 0.72 ± 0.29 
CA 0.51 ± 0.22 0.30 ± 0.31 0.59 ± 0.35 

HYPO 0.55 ± 0.17 0.57 ± 0.19 0.58 ± 0.21 
IRE 0.44 ± 0.13 0.36 ± 0.17 0.59 ± 0.15 

APNEA EVENT 0.69 ± 0.17 0.68 ± 0.20 0.74 ± 0.19 
 

 
Supplementary figure 1: Scatterplots with regression lines show the relationship between the log10-transformed number of events and F1-score 
for each event type. The number of events positively correlates with F1-score for OA, HYPO, and IRE, while CA detection does not demonstrate 
a significant relationship between the number of events and performance. 

In supplementary table 2, we present ABED’s diagnostic capabilities, specifically its correlation with the 
Apnea-Hypopnea Index (AHI) distributed across each cohort in the single-scored test set. The coefficient of 
determination (R²) ranges from 0.826 to 0.871 across the four cohorts, with all showing similar Beta (β) values 
except for the CFS cohort, which exhibits a higher bias and a correspondingly lower Beta value. Regarding 
diagnostic accuracy and severity grouping accuracy, ABED performs best on the MESA and MrOS datasets 
but shows comparatively lower performance on the CFS and WSC cohorts. 
 
Supplementary table 2: β is the slope of the regression line, and Intercept denotes the bias in AHI (estimated prediction at true AHI = 0). R2 
indicates the coefficient of determination.   

COHORT 𝜷 INTERCEPT R2 DIAGNOSIS 
ACCURACY 

SEVERITY 
ACCURACY 

MESA 0.94 1.58 85.7 90.4 79.1 
MROS 0.88 2.08 87.1 89.0 80.2 

CFS 1.07 -7.56 85.2 83.0 66.0 
WSC 0.91 -1.54 82.6 83.6 65.6 

ALL 0.90 0.84 84.4 87.5 75.3 



 
 
In supplementary table 3, we compare ABED's performance metrics to other state-of-the-art apnea detection 
models. We observe that other detectors often either show highly variable performance or lack transparency 
across all metrics and tasks. ABED generally ranks as the top performer or a close second, with comprehensive 
reporting across all relevant metrics. 
 
Supplementary table 3: Performance metrics describing the model's ability to diagnose sleep apnea (SA) by presence and severity based on the 
apnea-hypopnea index (AHI) and to detect events. PD: presence diagnosis accuracy, SA not present: AHI < 15 and SA is present: AHI > 15. SD: 
severity diagnosis accuracy, in groups: none: AHI < 5, mild: 5 < AHI < 15, moderate 15 < AHI < 30, severe AHI > 30. * Denotes event vs no 
event detection. Bold indicates the best performing model for the given metric. 

STUDY AHI R2 PD SD EVENT MEAN (OA, CA, 
HYPO) 

EPOCH 

HAIDAR ET. AL. 1 - - - - - F1 = 0.83 
STENKESTIE ET. 

AL. 2 
- 78.8 56.8 - - F1 = 0.48 

LAKHAN ET. AL. 3 - 79.6 63.7 - - - 
YEO ET. AL. 4 - 83.6 - - - F1 = 

0.63* 
BISWAL ET. AL. 5 82.8 - 87.0 - - - 
OLESEN ET. AL. 6 77.0 - - F1 = 0.70* - - 

NASSI ET. AL. 7 88.0 84.3 66.3 - F1 = 0.43 - 
ABED 84.4 87.5 75.3 F1 = 0.78* F1 = 0.62 - 

 
  



 
A1: signal quality 
We examined how signal quality impacts the F1-score in detecting apnea events, using metrics from the 
National Sleep Research Resource (NSRR) on the MESA, MrOS, and CFS test datasets. Signal quality was 
classified as "Poor" based on the NSRR’s lowest category. Our analysis found that thoracic and EEG signals 
marked as Poor significantly decreased the F1-score. In contrast, factors such as older age, a higher Apnea-
Hypopnea Index (AHI), and identifying as Asian were associated with higher F1-scores. All significant factors 
had p-values below 0.05, indicating the model's robustness to variations in signal quality. These findings 
highlight ABED’s ability to differentiate signal quality, allowing accurate event annotation. 

 
Supplementary figure 2: Feature importance analysis for the regression model assessing the F1-score on MESA, MrOS, and CFS test datasets. 
Bars in green indicate features with significant impact on the F1-score, while red bars denote those without significant effect. Only thoracic and 
EEG signals classified as Poor significantly worsened the F1-score. Positive influences included factors like age, AHI, and Asian race. Baseline 
categories for the model include Caucasian for race, male for gender, and good signal quality for signal categories 

  



Supplementary table 4: Stepwise linear regression was used to predict loop gain (LGN), pharyngeal muscle compensation (VCOMP), and 
arousal threshold (ART). Variables from five categories were used: demographic variables (BMI, age, sex), true apnea indexes, predicted apnea 
indexes, mean apnea probabilities multiplied by predicted apnea indexes, and the combination of mean probabilities and predicted apnea 
indexes. The base demographic variables were consistently forced into the models. The table displays selected variables and their corresponding 
multivariate effects, alongside the adjusted R² (R² adj) for each model. Bold indicates the best performing model. 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
  

 VARIABLE EFFECT 
MULTIVARIATE 
 

R2(ADJ) 

MODEL (LGN)    
BASE BMI 

Age 
Sex   

 

0.088  
 

    

BASE +  
TRUE 

OAItrue   
 

0.129  

BASE +  
PREDICTED 

HIpred 
CAIpred 
NIpred 

 

0.209  

BASE +  
PROBABILITY X 
PREDICTED 

OAI ∙ P(CA|OA)+++++++++++++ 
OAI ∙ P(HYPO|OA)+++++++++++++++++ 
NI ∙ P(IRE|IRE)++++++++++++++ 
CAI ∙ P(CA|CA)++++++++++++ 

 

0.226  

BASE +  
PROBABILITY + 
PREDICTED 

P(CA|IRE)+++++++++++++ 
CAIpred 

P(IRE|HYPO)+++++++++++++++++ 
NIpred 

 

0.266  

MODEL (VCOMP)    
BASE BMI 

Age 
Sex   

-0.002 

    

BASE +  
TRUE 

- 

   
-0.002 

BASE +  
PREDICTED 

OAIpred 
NIpred    

0.069  

BASE +  
PROBABILITY X 
PREDICTED 

NI ∙ P(IRE|IRE)++++++++++++++ 
OAI ∙ P(HYPO|OA)+++++++++++++++++     

             

0.083  

BASE +  
PROBABILITY + 
PREDICTED 

P(HYPO|OA)+++++++++++++++++ 
NIpred    

 

0.078 

MODEL (ART)    
BASE BMI 

Age 
Sex  

0.018 

    

BASE +  
TRUE 

HItrue  
OAItrue  

0.289  

BASE +  
PREDICTED 

HIpred 
OAIpred  

0.201  

BASE +  
PROBABILITY X 
PREDICTED 

HI ∙ P(IRE|HYPO)+++++++++++++++++ 
NI ∙ P(OA|IRE)++++++++++++++, 
HI ∙ P(HYPO|HYPO)++++++++++++++++++++ 
OAI ∙ P(HYPO|OA)+++++++++++++++++ 

 

0.270 

BASE +  
PROBABILITY + 
PREDICTED 

 
P(IRE|HYPO)+++++++++++++++++ 
P(OA|IRE)++++++++++++++ 
P(HYPO|HYPO)++++++++++++++++++++ 
P(HYPO|OA)+++++++++++++++++ 
  

0. 270 



 
A2: loop gain analysis on MESA cohort 
In our analysis of the MESA cohort, we conducted loop gain assessments using stepwise linear regression. 
The base model consistently included BMI, age, and sex as variables, although their effects are not visualized 
across all models. Supplementary table 4 summarizes the multivariate models generated from five categories 
of variables: demographics, true apnea indexes, predicted apnea indexes, mean apnea probabilities multiplied 
by predicted apnea indexes, and mean apnea probabilities and predicted apnea indexes combined. The base 
demographic variables were forced into the stepwise regression process. 
 
In supplementary table 4, we present the selected variables from each category, showing their multivariate 
effects and the adjusted R² (R² adj) achieved by the final models. The results indicate that the best-performing 
models are those incorporating the probabilities provided by ABED's scoring for both loop gain and 
pharyngeal muscle compensation. However, for predicting arousal threshold, the true annotations slightly 
outperformed the probability-based models. 
  



 

A3: Extended methods 
Pre-processing 
An issue in the field of SDB detection is variability in filter setting which can distort the shape of breathing 
signals. Preprocessing was done on all PSGs to ensure conformity of input to ABED. For NF, OT, AbP and 
ThP (typical breathing channels), a 4th order digital Butterworth band-pass filter with a cut-off frequency of 
[0.1 – 4] Hz was applied before down sampling to 8 Hz. Modalities such as the blood oxygen saturation, wake 
and arousal probabilities (EEG, EOG, EMG through MAD, see Fig. 1a) were up sampled to 8 Hz. Frequency 
content of breathing channels in a PSG is thought not to surpass 4 Hz during sleep, therefore 8 Hz is optimal 
for lowest computational cost 8,9. Standardization was applied per PSG to all modalities apart from wake and 
arousal probabilities, which are already scaled from 0 to 1. The modalities are then stacked on top of each 
other such that each timestep has one datapoint per modality and this is eventually written into a memory 
mapped file. 
Detection pipeline 
ABED uses 240 second windows as input which overlap 50% with the following window until the end of the 
PSG recording. This is done so that as much context as possible can be used to create predictions. The ABED 
detection pipeline, for a window, consists of object detection, as shown in Fig. 1a, where 146 default events 
are made for each window. A default event is a bounding box placed in the 240 second window that gets an 
updated location and event type probabilities (OA, CA, HYPO, IRE and none-event probabilities scaled via a 
SoftMax function) after a forward pass in the convolutional neural (CNN) network.  
 
During inference, non-maximum suppression, as used in 10, was used to remove events that are not the highest 
probability in its location. Specifically, across different overlapping windows any event predicted having a 
high probability for multiple event types were classified following a simple set of 2 rules: (1) apneas (OA, 
CA) classification took precedence over hypopneas (HYPO) classification, (2) CA took precedence over OA. 
These rules are justified, as OA and CA are more severe versions of HYPO, and it is therefore likely that the 
HYPO probability is high for apnea events. Further, CAs are rarer and share similar traits compared to OA 
therefore actual CA events also have a high OA probability.  
 
ABED’s architecture is summarized in Fig. 1b. It contains three main groups of layers. The left grouping of 
layers contains the input (grey) data that consists of a 7x1920 matrix. This input is mixed in the channel mixing 
layer (orange) from its matrix shape into 8 channels using a 7x1 kernel, thus allowing ABED to mix all 
modalities into channels as necessary. Hereafter, a channel amplification layer (red) is used to reduce the time 
content of the features and increase the number of channels to fit into a flattened ResNet50 11 to extract 
features. In the middle grouping of layers, the bottleneck block is shown with three convolutional layers each 
with batch normalization 12 and ReLU 13 between. The flattened ResNet50 11 feature extraction layers receive 
64 feature channels each with 960 timesteps. The number of channels is doubled and a stride of 2 is applied 3 
times along with an initial amplification of channels with a factor of 4 resulting in 2048 output feature channels 
each with 60 timesteps. These are then fed into a bi-directional LSTM layer which then finds information 
across the time axis in both directions for each channel. Hereafter, a dropout of 90% is applied 14. Finally, in 
the right most grouping of layers, a classification layer and localization layer outputs the position and class 
probability for each of 146 bounding boxes. In the localization layer a kernel of size 1x60 fully connects each 
timestep per feature channel into the start and duration of 146 bounding boxes. Similarly, the four class 
probabilities for OA, CA, HYPO, IRE, and none are found by the classification layer with a kernel of 1x60 
also fully connecting the time dimension into each of the 146 bounding boxes. 
Training 
ABED was trained using 5,456 PSGs belonging to the 4 cohorts mentioned above. A subset of the training 
data 546 PSGs was set aside for validation and 1,099 PSGs (MESA: 249, MrOS: 500, WSC: 250, CFS: 100) 
was set aside for final testing. Early stopping was used to attain the best possible validation-loss at any epoch. 
Classes that were less prevalent (OA, IRE and CA) were oversampled prior to training to resolve class 
imbalances (Table 3 illustrates why imbalance was an issue) allowing for a less biased training of highly 
prevalent events such as HYPO. Both windows including and excluding events were added during training of 
the model (40% not containing events, and 60% containing at least one event). Windows that included events 
were comprised of non-event segments and it was not necessary to increase the amount of un-labelled data as 



the model would have much exposure of non-event data. Windows completely without events were chosen 
mainly to include wake stages as this was thought to make the model more robust to understanding that apneas 
do not occur during wake. Windows of 240 seconds in batches of 128 were used to train at each iteration. 
Here, the 240 second segments which contained events were placed randomly around the event but had to 
include the entire annotation. It was possible for other events to be present in the same window and by chance 
it was more likely that the HYPO event class was present. Therefore, the HYPO class was thought to be 
slightly overrepresented during training.  ABED was implemented using the Python module PyTorch 1.7.1 
and was trained using one NVIDIA V100 GPU. Hyperparameters were tuned slightly to ensure minimal 
overfitting towards the validation and test data. 
Classification loss 
Classification loss was calculated for two populations of default events in each 240 second window used for 
training of ABED. Default events containing true events (positive default events) and default events without 
annotated events (negative default events). Classification loss was calculated for each window, which contains 
a total of 146 default events with lengths varying from 10 seconds to 120 seconds incrementing by 10 seconds. 
The default events overlap 50% within length groups and completely between length groups. For both positive 
and negative default events, the classification loss was calculated for each individual default event using the 
cross-entropy loss function as written in Eq. 1. 

𝐶(𝑝, 𝑞) = −)𝑝(𝑥) log 𝑞(𝑥)
!∈#

	 (1) 

Here, p(x) is the true probability (as a 1-hot vector where one class has a probability of 100% and the 
remaining have a probability of 0%) and q(x) is ABED’s predicted probability for each of the classes. x is 
each event class OA, CA, HYPO, IRE, or none. A softmax activation function has scaled the sum of 
ABED’s predicted event probabilities to 1. p(x) is 1 for the true class of either OA, CA, HYPO, or none, 
while it is 0 for the remaining classes. Hereby the classification loss is only perfect for the default event if it 
is predicted 100% accurately. The classification loss was calculated for each default event in the window 
and the summation of the events classification error defined the classifications loss for that window and can 
be written as written in Eq. 2. 

𝑐𝑙𝑓$%&&(𝐏, 𝐐) =
1
𝑁'

)𝐶(𝑝'(
)!

'*+

, 𝑞'() +)𝐶(𝑝,-, 𝑞,-)
)"

'*+

(2) 

Here, P (P = [p1, . . . , p146], P − = [p1− , . . . , pNn−] ∈ P, P + = [p1+ , . . . , pNp+] ∈ P) are the true event 
probabilities for each default event and Q (Q = [q1, . . . , q146], Q− = [q1− , . . . , qNn− ] ∈	Q, Q+ = [q1+ , . . . , 
qNp+ ] ∈ Q) contains the predicted event probabilities for each default event, while superscript + are positive 
default events and superscript negative default events. Np is the amount of positive default events in the 
window and Nn (Nn = min(10 − Np, Np · 3) is the amount of worst negative default events in the window. 
Localization loss 
The localization loss was calculated for the positive default events using the Huber loss15. The Huber loss is 
a variation on the mean squared error loss (MSE), that is designed to weigh outliers less negatively than the 
MSE and its formulation can be seen in Eq. 3, where xi represents predicted value, and yi represents the true 
values. The absolute difference in xi and yi values are known as the residuals. In Eq. 4 the localization loss is 
defined for an entire 240 second window. Here, Np defines the number of positive classifications, with 
predicted start and duration xi and annotated start and duration yi. 

𝐻. = :

1
2
|𝑥. − 𝑦.|/, if	|𝑥. − 𝑦.| ≤ 𝛿

𝛿 A|𝑥. − 𝑦.| −
1
2
𝛿B , otherwise

(3) 

𝑙𝑜𝑐$%&&(𝐱, 𝐲) =
1
𝑁'
)𝐻.(𝑥. , 𝑦.)

)!

.*+

(4) 

During training of ABED, δ was set to 1, in this version of the Huber loss function the penalty of an event 
with residuals < 1 is scaled by half but retains it convex shape, while it is linear with residuals > 1, still with 
higher penalties for higher residuals, but less so than compared to MSE. Residuals are presented in seconds 
during training. 



Combined loss 
Finally, the classification loss clfloss and localization loss locloss is combined into the complete loss of a 240 
second window as seen in Eq. 5. 

𝑙𝑜𝑠𝑠 = 𝑤 ⋅ 𝑐𝑙𝑓$%&& + 𝑙𝑜𝑐$%&& (5) 
Here, w is the weight applied to the classification loss for the model to change focus from localization and 
penalize wrong classification more. This is important as the Huber loss and cross entropy loss are not scaled 
to the importance in the object detection class. During experiments it was observed that the classification 
loss would be optimal later than the localization loss (i.e., the classification loss would be optimized one 
epoch later than the localization loss). This led to a combined loss, which was optimal at a time where the 
classification loss was not optimal. This did very little to harm the localization loss while improving the 
classification loss. The combination of these losses allow ABED to be optimized on localization and 
classification criteria simultaneously. 
Network Optimization 
Optimization was done on both localization and classification of each default event overlapping any annotated 
event and using the classification error of the worst performing default events that did not overlap with any 
annotated event. The Adaptive Moment Estimation (Adam) 16 algorithm was used as the optimizer during 
training with a learning rate of 10−3, β1 and β2 equal 0.9 and 0.99, respectively. 
Detection threshold 
Thresholds were applied to the classification likelihoods of each default event to decide the presence of an 
event versus the none. We applied thresholds in the range of [0.51, 0.61, 0.71, 0.81, 0.91] and saved all outputs 
for the validation dataset. The thresholds’ lowest point was chosen to be 51% certainty to ensure that a single 
default event would not predict multiple event types. The thresholds were then optimized based on the F1 for 
each individual class (e.g., OA vs CA vs HYPO vs IRE vs none) performance and used to run inference.  
Evaluation 
During evaluation of ABED, windows of 240 seconds were passed through ABED to find events. Each 240 
second window was overlapping 50% with the previous window to get the context of each event object which 
is crucial for detection. This caused a possibility for events to be detected twice and to overlap. To ensure that 
only one detection was registered, only the highest classification probability was considered (e.g., the detected 
object that ABED was the most certain of). Eventually any detected events with a duration shorter than 8 
seconds were removed as ≥ 10 sec duration is part of the definition of breathing events 17. On average, ABED 
annotated an entire PSG within 14 seconds, utilizing just one Tesla V100_SXM2 GPU and five cores of an 
Intel E5-2640v4 CPU. Evaluation of test data was done in such a way that any overlap in annotation and 
prediction resulted in a true prediction (i.e., IOU threshold = 0.0001). ABED was evaluated per event, per 
PSG, and with regards to AHI prediction and diagnosis, which was divided into several diagnosis classes:  
(1) sleep apnea presence diagnosis: 

• SA not present AHI ≤ 15 
• SA present AHI > 15  

and  
(2) sleep apnea severity diagnosis: 

• No SA: AHI < 5 
• Mild SA: 5 ≤ AHI < 15 
• Moderate SA: 15 ≤ AHI < 30 
• Severe SA: 30 ≤ AHI 

The performance metrics chosen to evaluate ABED were precision, recall, F1, IOU, accuracy (also known as 
micro averaging), and coefficient of determination (R2) calculated as per equations 6 -11. 
	

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 = 	
𝑇𝑃(𝑥)

𝑇𝑃(𝑥) + 𝐹𝑃(𝑥)																																																												(6) 

 
𝑅𝑒𝑐𝑎𝑙𝑙 = 	 01(!)

01(!)(4)(!)
                                                               (7) 

 

𝐹+(𝑥) = 	
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛(𝑥) ∙ 𝑅𝑒𝑐𝑎𝑙𝑙(𝑥)
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛(𝑥) + 𝑅𝑒𝑐𝑎𝑙𝑙(𝑥)																																																							(8) 

 



𝐼𝑂𝑈a𝐁𝐩𝐫𝐞𝐝, 𝐁𝐭𝐫𝐮𝐞c =
𝐁𝐩𝐫𝐞𝐝∩	𝐁𝐭𝐫𝐮𝐞
𝐁𝐩𝐫𝐞𝐝∪	𝐁𝐭𝐫𝐮𝐞

                                                      (9) 

 
𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 = 	 ∑ 01(!))∈𝐗

∑ 01(!))∈𝐗 (41(!)
                                                     (10) 

 

𝑅/ = 1 −	
∑ (𝑦. − 𝑓.)/,
.*+

∑ (𝑦. − 𝑦g.)/,
.*+

																																																												(11) 

𝑅@AB/ = 1 − h	
(1 − 𝑅/)(𝑛 − 1)
(𝑛 − 𝑝 − 1) i																																																												(12) 

  
Here, TP is a true positive prediction (i.e., correctly classified), FP is a false positive prediction (i.e., wrongly 
classified), FN is a false negative prediction (i.e., wrongly missed). Btrue is the true bounding box, Bpred is the 
predicted bounding box. x is an event class in X, which is all event types (OA, CA, HYPO, IRE). yi is the 
correct value,  yg is the mean of all correct values, fi is the predicted value, n is the number of true and predicted 
values, and p is the number of predictors. 
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