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Abstract

Polysomnography (PSG) is a type of sleep study that records multimodal physiological sig-
nals and is widely used for purposes such as sleep staging and respiratory event detection.
Conventional machine learning methods assume that each sleep study is associated with
a fixed set of observed modalities and that all modalities are available for each sample.
However, noisy and missing modalities are a common issue in real-world clinical settings.
In this study, we propose a comprehensive pipeline aiming to compensate for the missing
or noisy modalities when performing sleep apnea detection. Unlike other existing studies,
our proposed model works with any combination of available modalities. Our experiments
show that the proposed model outperforms other state-of-the-art approaches in sleep apnea
detection using various subsets of available data and different levels of noise, and main-
tains its high performance (AUROC>0.9) even in the presence of high levels of noise or
missingness. This is especially relevant in settings where the level of noise and missingness
is high (such as pediatric or outside-of-clinic scenarios). Our code is publicly available at
https://github.com/healthylaife/apnea-missing-modality.

1. Introduction

Sleep is essential in maintaining and promoting overall health and well-being (Luyster et al.,
2012). Insufficient or poor-quality sleep has been linked to a wide range of health problems,
including cardiovascular disease (Kasasbeh et al., 2006), obesity (Taheri, 2006), diabetes
(Knutson et al., 2006), and mental health disorders (Zimmerman et al., 2006; Schwartz
et al., 2005).

Conditions that affect sleep quality, timing, or duration and impact a person’s ability
to function properly while awake are referred to as sleep disorders. There are various types
of sleep disorders, including insomnia, circadian rhythm sleep disorders, sleep-disordered
breathing, hypersomnia, parasomnias, and restless legs syndrome (Pavlova and Latreille,
2019).

In particular, sleep apnea and hypopnea syndrome (SAHS) are breathing disorders that
are characterized by recurring pauses in breathing during sleep, which usually cause frag-
mentation of sleep and can lead to oxygen deprivation and disrupt normal physiological
processes (Vaquerizo-Villar et al., 2020). The main types of SAHS are obstructive sleep
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apnea (the most common type), central sleep apnea, complex (mixed) sleep apnea, and
hypopnea. It is estimated that 26% of people between 30 and 70 years (Schwartz et al.,
2018) and 1% to 5% of children suffer from SAHS, with the highest prevalence in age 2 to
8 (Kheirandish-Gozal and Gozal, 2012; Bixler et al., 2009; Marcus et al., 2012).

Polysomnography (PSG) is the gold standard for diagnosing sleep-related breathing
disorders. It refers to the process used to collect biological signals and parameters during
sleep, which is generally performed in clinical lab settings and during the night (Rundo and
Downey III, 2019). A PSG generally includes: 1) brain electrical activity (electroencephalo-
gram or EEG), 2) eye movements during sleep (electrooculogram or EOG), 3) cardiac rate
and rhythm (electrocardiogram or ECG), 4) blood oxygen saturation (pulse oximetry or
SpO2), 5) measurement of exhaled air to indirectly measure blood CO2 (end-tidal carbon
dioxide or ETCOz), 6) respiratory effort in thorax and abdomen (respiratory inductance
plethysmography or RIP), 7) and nasal and oral airflow. PSG is generally considered ef-
fective; however, it presents many challenges, including complexity, cost, intrusiveness, and
the need for intensive involvement of clinical providers (Spielmanns et al., 2019). The multi-
modal nature of PSG data provides a diverse and holistic view of the subjects (Muhammad
et al., 2021; Kline et al., 2022; Liu et al., 2023).

While a fairly large family of studies aiming to detect SAHS from PSG is present,
existing methods have two major limitations. First, conventional methods are built based
on the assumption that all modalities are available for all subjects. However, in real-world
scenarios, certain modalities may be partially or entirely missing due to technical issues
or limitations during data acquisition. Additionally, the PSG signals can be corrupted by
noise from various sources, including electrode artifacts, electrical interference, or patient
movement. Detecting apnea becomes significantly more challenging when dealing with
missing or noisy modalities (especially the primary signals such as SpO3). The second
limitation is the applicability of existing methods to a predetermined subset of PSG signals.
This issue makes it unclear to what degree a method developed for a certain set of modalities
would work (if at all) on applications with different sets of available modalities. To address
these limitations, we propose a flexible machine learning-based pipeline for apnea detection
with any combination of available signal modalities. Specifically, the contributions of our
study are:

o We extensively investigate the effects of missing or partially available modalities in
apnea detection.

e We present a novel universal pipeline to predict apnea with any type, length, or quality
of available modality.

e Through extensive experiments, we show that our method is robust to noisy and miss-
ing modalities and outperforms prior methods in various apnea detection scenarios.

Generalizable Insights about Machine Learning in the Context of Healthcare

Sleep apnea is a common disorder affecting various individuals including adults and children.
Noisy and missing modalities are common in both inside- and outside-clinic sleep studies
aiming to diagnose or treat apnea. Our proposed method offers a robust solution to achieve
high-quality performance in the absence of complete sleep data.
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Similar to sleep apnea, while most of the proposed ML pipelines in healthcare are de-
signed to work with or tested only on complete data, acquired clinical data in the real
world are mostly noisy and incomplete. Numerous healthcare-related tasks also face this
problem as well. Therefore, our proposed method can offer a generalizable blueprint for
similar scenarios as well.

2. Related Work

Due to the high relevance of detecting apnea events using machine learning methods, many
attempts have been made to automate apnea detection using such methods. A large body
of prior work focuses on uni-modal methods. Considering the modalities utilized in prior
studies, we highlight four categories in the following (a non-exhaustive list). (1) Most
existing work uses ECG for apnea detection. while ECG is not the most relevant signal in
clinical settings, the popularity of the methods for ECG is partly due to the availability of
public ECG datasets (Penzel et al., 2000). These methods generally use ‘band-pass’ filters to
reduce the noise sourced from the baseline wander, muscle artifacts, power line interference,
and other sources (Urtnasan et al., 2018; Bahrami and Forouzanfar, 2022). Since ECG
signals contain complex patterns, many studies have used extensive preprocessing steps,
including automatic feature extraction approaches through deep neural networks, in their
pipeline for extracting features (Shen et al., 2021; Chang et al., 2020; Chen et al., 2022; Zarei
et al., 2022). These methods are extensively reviewed by Salari et al. (2022). (2) Many
studies have used SpOs, which is the most clinically relevant signal for apnea detection
(in adults). Similar to the previous category, various types of manual or automatic feature
extraction methods have been used in this category (Alvarez et al., 2012; Morillo and Gross,
2013; Ucar et al., 2017; John et al., 2021). (3) The combination of these two signals (ECG
and SpO3) have been used, especially to handle the signals’ imperfection and defects, such
as missing data or noise (Tuncer et al., 2019; Ravelo-Garcia et al., 2015; Pathinarupothi
et al., 2017; Xie and Minn, 2012). (4) Finally, the fourth major category is related to a
group of work that uses EEG signals to detect apneic events (Vimala et al., 2019; Zhao et al.,
2021; Almuhammadi et al., 2015). As discussed earlier, a common limitation of existing
studies is unclear generalizability to other PSG signals. Oftentimes, these models cannot
utilize an additional modality not seen in the training phase and handle partially available
or noisy modalities.

Multimodal learning approaches aim to use information from different sources to better
understand an underlying phenomenon and improve the performance of downstream tasks.
Data fusion is an integral part of multimodal learning, which is the process of integrating
multiple data sources to build a representation that is more pertinent than any individual
source (Stahlschmidt et al., 2022). Depending on the fusion stage, existing techniques
can be categorized into i) early, ii) intermediate, and iii) late fusion, where the data from
modalities are respectively combined at i) the input (Lim et al., 2019; Neves et al., 2023),
ii) through a middle representation (like a hidden layer) between the individual modalities
and the final model (Hassan et al., 2022), and iii) using separate models on each modality
which are combined later (Wang et al., 2019; Zhang et al., 2019). When some modalities are
missing or noisy, data fusion enables combining available information from different sources
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to create a more comprehensive and reliable representation, enhancing the robustness of
the models (Gaw et al., 2022).

Multimodal information can be especially effective for apnea detection, as exploiting
multimodal data not only can outperform using only uni-modal data but can also improve
the robustness of the system when one or more modalities are missing. Despite the impor-
tance of multimodal learning, there is limited work (Ye et al., 2023; Fayyaz et al., 2023; Van
Steenkiste et al., 2020) on multimodal data fusion for apnea detection. We are not aware
of any previous study that directly aims at handling missing and noisy data in the context
of sleep apnea detection.

When it comes to working with multi-modal data, the choice of a data fusion mechanism
presents an additional dimension of the problem. In machine learning pipelines, fusing
multimodal data in any of the discussed stages has advantages and disadvantages. Among
the existing fusion techniques, gated fusion (Arevalo et al., 2017) is a popular method, with
applications in different domains such as computer vision (Hosseinpour et al., 2022; Zhang
et al., 2018; Ren et al., 2018; Feng et al., 2020), speech recognition (Fan et al., 2020), and
natural language processing (Du et al., 2022). By employing gating mechanisms, gated
fusion models selectively weigh and fuse information and capture complementary aspects.
In our study, we propose a modified version of the gated fusion mechanism that considers
the abnormality of the present modalities (i.e., the extent to which current signal patterns
deviate from the others) to identify the optimized way of “fusing” the present modalities.

3. Problem setup

Consider a sleep dataset consisting of I sleep studies (e.g., I individual nights in the clinic)
shown by {Si}i]:l. Each study can be divided into equal-length non-overlapping epochs
(windows), considered as a sample X, and shown by
T,
S ={X"}iL, (1)
where, J; is the number of epochs in ¢-th study.
Each sample can consist of different PSG signals, considered as distinct modalities:

X = (X7, X5, X)), (2)

where M, is the total number of modalities.

Furthermore, each sample has a label y, showing if an apnea event occurs during the
sample time window. Thus, X, is a signal from the modality m that belongs to the epoch
j of the study ¢, and is a multivariate time series consisting of T" time points:

X5 = (X[ X5 s X, (3)
In this work, we design and train a model f (parameterized with 6) that can handle
missing and noisy modalities and estimates the occurrence of apnea ¢ in a given epoch:

g7 = fo(X™) (4)
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Figure 1: Our proposed pipeline. It consists of four components: (1) Encoder, (2) Decoder,
(3) Classifier, and (4) Anomaly-aware Fusion. In the first (unimodal) step of training, an
encoder for each modality is used to transform the input into a latent space Z,,. Besides, a
unimodal classifier and decoder are utilized to detect apnea and reconstruct the input, re-
spectively. In the second (multimodal) step of training, the Anomaly-Aware Fusion module
classifies the epochs using the unimodal latent representation (Z) and the reconstruction
error for each input signal. Notations C and X denote the concatenation and multiplication
operations respectively.

4. Method

For detecting apnea with missing or noisy modalities, we propose a two-step method in
companion with a multimodal autoencoder network using a transformer backbone (Figure
1). The two steps of our method include unimodal pre-training and multimodal training.
The rationale for introducing a two-step training process in our design is that the pipeline
can use samples that do not have complete modalities to train the model when dealing with
incomplete modalities (akin to an imputing mechanism paradigm).

Unimodal Pre-training We use unimodal transformer-based autoencoders that recon-
struct a unimodal input X,,, by mapping the input space to a lower dimensional latent
space Z,,. More specifically, an encoder F,, maps the signal to a latent representation
(Zp = En(Xy)) and a decoder D, reconstructs the original signal from the latent repre-
sentation (X, = Dyn(Zm)).

The encoder and decoder consist of a series of transformer blocks. Besides being used
for signal reconstruction, the decoder is also used for anomaly detection by using the re-
construction error as a proxy. Our method also includes a unimodal classifier C,, to detect
the epochs with apneic events using Z,, (Jm = Cm(Zm)).

This way, the encoder learns a mapping to a latent space that preserves the funda-
mental characteristics of the signals, while extracting the key features for apnea detection.
Additional details about the design of the transformers are presented in Appendix A.

For modality m, the reconstruction loss L can be formulated as the mean squared error
(MSE) of the original signal and its reconstructed version:

I Ji T i i
o SL T ST (X, - X 5
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where,
I
N = Z J;, and (6)
=1
X0, = Din(Em(X[1). (7)

In addition, the classification loss Lo (related to the apnea detection task) is defined
using binary cross entropy (BCE) for modality m as:

I J
1 4 o
L8 =303 BCB 3), ®)
i=1 j=1
where,
97 = Co(Em(X37)). (9)

The model (in this first step) is trained by jointly optimizing the two aforementioned
loss functions over all modalities:

M
Lirnimodal = Z amﬁg + Bmﬁg’I (10)

m=1
where, the hyperparameters (o, and f,,) are used to tune the contribution of each loss.

Multimodal Training In the second step of our method, we use a modified version
of gated fusion (Arevalo et al., 2017) to detect apneic events. We refer to this module as
Anomaly Aware Fusion (AAF). It receives the latent representation Z and a distance measure
A for each signal. The distance measure A aims to capture the abnormality of the signals
(the degree to which the signal deviates from the original), similar to Lee and Kang (2022).
Here, A is defined as:

A = lay,az,...,ap], (11)

where,
am = HXl,m - Xl,m|a ceey |XT,m - XT,mHa (12)

while the anomaly score a,, captures the absolute distance between the two time-series X,,
and X,,. While closely related, the reconstruction loss in Eq. 12 yields a single value;
however, the distance measure in Eq. 5 is a vector that shows the degree of abnormality in
each time step.

Specifically, AAF can be shown as a function receiving Z and A to predict the final label:

§=AAF(Z, A). (13)

As the encoder-decoder model learns the distribution of (mostly normal) signals, the
distance measure (captured by the absolute differences) increases when this model receives
an abnormal signal, as the signals containing the abnormal patterns are not reconstructed
well.
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Furthermore, Z in AAF (Eq. 13) refers to:
7 =Z1,Z9,.... Zn), (14)

where, Z,,, corresponds to a feature vector in the latent representation space associated with
the modality m.

The AAF module (the right box in Figure 1) takes these steps. First, each feature vector
Zm 1s fed to a fully connected layer with a T'anh activation function, which is intended to
encode an internal representation feature h,, based on the particular modality:

him = Tanh(Wp, Zy,). (15)

where, W,,,s are learnable weights related to the modality m. Another fully connected layer
is used for each Z,,, which controls the contribution of the feature calculated from Z,, to
the overall output of AAF. The output of this layer is another latent representation named

/

YA

Z, =o(Wgz, |21, Zs, ..., Zar, A]) (16)

where, Wy s are learnable weights related to modality m.

When a sample is fed to the gated fusion network, a gate layer associated with the
modality m receives the feature vectors of all modalities and uses them to decide whether
the modality m may contribute or not to the internal encoding of the particular input

sample:

h = Zyhy + Zohy + ... + Zyshay. (17)

Finally, a fully connected layer and a sigmoid function o transform h into a label:

3) = U((Wch) + bc)7 (18)

where, W, and b, are learnable weights and biases. We use the BCE loss (as in the previous
step) for the classification loss. The encoder and decoder weights are frozen during this
step.

5. Experiments

Datasets A large number of public sleep studies are available, including those available
through the National Sleep Research Resource platform (Mueller, 2024). Most of those,
however, are not a good fit for evaluating our method. For our study, we looked for sleep
recordings that (i) had multimodal data (i.e., not unimodal or only a few modalities),
(ii) were supervised (i.e., have expert annotated apnea event labels), and (iii) had a large
number of samples (the n size for the sleep studies and patients), to allow training large
deep learning models. We use two of the largest public sleep datasets that match the above
criteria. These two are the Nationwide Children’s Hospital (NCH) Sleep Data Bank (Lee
et al., 2022) and Childhood Adenotonsillectomy Trial (CHAT) dataset (Marcus et al., 2013;
Redline et al., 2011).
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NCH - This dataset offers a large and free source that includes both PSG signals and
linked electronic health records (which includes demographics and longitudinal clinical data
such as encounters, medication, measurements, diagnoses, and procedures). The dataset
was collected between 2017 and 2019 at Nationwide Children’s Hospital (NCH), Columbus,
Ohio, USA. Sleep studies were annotated in real-time by technicians at the time of the
study, and then staged and scored by a second technician after the study was completed.
We used all studies that have all of the available six modalities.

CHAT - We also use recordings from the CHAT study, which is a randomized, single-
blind, multicenter trial designed to analyze the efficacy of early removal of adenoids and
tonsils (adenotonsillectomy) in children with mild to moderate obstructive apnea. Physio-
logical measures of sleep were assessed at baseline and at seven months with standardized
full PSG with central scoring at the Brigham and Women’s Hospital, Boston, MA. We use
the 453 sleep studies collected in the baseline in our work.

Implementation details Our model utilizes ECG, EEG, EOG, SpOs, COs, and respi-
ratory signals to detect apnea. As the signals have different sampling rates, we resampled
all signals with a frequency of 128Hz. For model input, we divided each sleep study into 30-
second non-overlapping epochs. ECG signals were initially denoised using a band-pass filter,
which allows only a certain range of frequencies to pass through while blocking others, with
lower and upper cutoff frequencies of 3Hz and 45Hz. Hamilton R-peak detection method
(Hamilton and Tompkins, 1986) was utilized to extract R-R intervals and the amplitude of
R-peaks from the ECG signal.

We run experiments in a 5-fold cross-validation manner and report the mean and stan-
dard deviation of performance of the trained models using the F1-score (harmonic mean of
precision and recall) and AUROC (area under the receiver operating characteristic curve)
in the test set.

Baselines We chose three related and state of the art (SOTA) studies with different
architectures to compare with the proposed model. These three studies include architectures
based on CNNs (Chang et al., 2020), CNN+LSTM (Zarei et al., 2022), and transformers
(Fayyaz et al., 2023) as described in the following.

CNN - The first study by Chang et al. (2020) uses a network consisting of 10 CNN layers
for feature extraction followed by four fully connected layers for classification. They also
apply batch normalization and dropout for better generalization and to avoid overfitting.
They only utilized ECG for apnea detection. However, to have a fair comparison, we trained
this model with the same modalities that we used for training our model.

CNN+LSTM - The second model presented by Zarei et al. (2022) uses an auto-
matic feature extraction method developed by combining CNN and long short-term mem-
ory (LSTM) modules using ECG. A stack of fully connected layers is used at the end to
classify the events. Similar to the previous baseline, we trained this model with the same
modalities that we used for training our model.

Transformers - The last model proposed by Fayyaz et al. (2023) uses transformers
followed by two layers of a fully connected network as a classifier for detecting apnea using
PSG signals.
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In addition to the above baselines, which have been designed for PSG studies, we include
alternative variations of our method to demonstrate the performance of more general multi-
modal methods from outside the apnea studies.

5.1. Research Questions

We study five major research questions in our experiments to investigate the performance
of our model.

Q1: How do the methods perform with complete modalities? We carried out an
experiment to find the overall performance of our method and the baselines when provided
with complete data (i.e., without any added noise or missingness).

Our proposed method follows a mid-fusion approach. In addition to the listed baselines,
we investigate the performance of two alternative approaches that follow early and late
fusion. For early-fusion, we concatenate all modalities and pass them to an encoder followed
by a fully connected classifier. In late-fusion, we pass each modality through an encoder
appended by a fully connected classifier. Finally, in an ensemble-wise manner, we consider
the network related to each modality as a weak learner. The final label is calculated by
averaging the output related to all modalities.

To study the ablation version of our method, we studied the effect of various components
and the design choices of our proposed method on its performance in apnea detection. In
the “pretraining” scenario, we skipped the first step of the training algorithm and only
ran the second step of training (multimodal fine-tuning) to find the effect of fine-tuning
on the overall performance of our method in apnea detection. In the “reconstruction loss”
scenario, we evaluate the performance of our model in the absence of reconstruction loss (in
unimodal pretraining) and the distance measures A (in multimodal training). Finally, in
the “gated fusion” scenario, we replaced the customized gated fusion we designed for this
study with a fully connected neural network to show its effectiveness in comparison with a
general machine learning model.

Table 1 shows the results. Our model has achieved superior performance, measured in
terms of F1 score and AUROC, compared to the baselines.

Q2: How do the methods perform in the presence of missing modalities? To
simulate the effect of missing modalities, we omitted signals within epochs in a random
manner. More specifically, we randomly substituted a predefined percent of signals in
epochs with zero. The algorithm for this purpose is presented in Appendix D. The results
are shown in Figures 2.a (NCH) and 2.b (CHAT).

Q3: How do the methods perform with noisy modalities? We investigated how
well our model and other top-performing models handle noisy data. In the absence of a
dataset with controlled non-synthetic or measured noise, we add synthetic noise to our
target datasets. We added white Gaussian noise to the signals to simulate unremovable
types of noises (we discuss this further in Section 6), using a process explained further in
Appendix D. Additive Gaussian noise can mimic the effect of many random processes that
can occur in real-life settings. The results are shown in Figures 2.c (NCH) and 2.d (CHAT).
The signal-to-noise ratio (SNR) is a measure of the strength of a desired signal compared
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Table 1: The overall performance of our model, the baselines, and ablation versions when
using complete data. Mean (£ STD).

CHAT NCH

Method Fl AUROC Fi AUROC
CNN (Chang et al., 2020) 775 (0.8)  86.8 (1.0) 77.2 (L.1)  86.4 (1.2)
CONN-+LSTM (Zarei et al., 2022) | 81.7 (0.6)  89.7 (0.7) 817 (0.8)  89.4 (0.6)
Transformer (Fayyaz et al., 2023) | 83.1 (1.0)  90.0 (0.8)  82.6 (0.5) 90.4 (0.4)
Early Fusion 81.9 (2.0)  89.0 (0.8) 83.2 (0.8)  91.1 (0.6)
Late Fusion 79.9 (1.5)  88.6 (0.3) 80.8 (1.1)  89.0 (1.1)
W /O pretraining 78.6 (1.9)  89.9 (0.7) 84.1(0.7)  92.3 (0.5)
W /O reconstruction loss 85.1 (0.7)  92.3 (0.6) 83.9(0.6) 92.3 (0.4)
Fully-connected Fusion 82.2 (1.8) 92.8 (1.1) 83.6 (1.6) 93.3 (0.6)

Ours (the proposed approach) | 86.6 (0.7) 93.3 (0.6) 85.2 (0.7) 93.4 (0.4)

Table 2: Our method’s performance (mean AUROC + STD) with the concurrent occurrence
of noise and missingness on the NCH dataset.

NCH | CHAT
Missing Ratio Signal to noise ratio (dB)
10 20 30 40 50 ‘ 10 20 30 40 50

10% 84.0(1.9) 904(0.9) 92.6(0.5) 92.8(0.5) 92.8(0.5) | 855 (0.7) 5.5 (0.6) 90.0 (0.1) 91.7 (0.4) 91.8 (0.5)
20% 82.9(1.9) 89.0(1.1) 91.8(0.6) 92.0(0.5) 92.1(0.5) | 83.1 (0.7) 82.6 (1.5) 87.7 (0.6) 89.3 (0.1) 89.9 (0.3)
30% 80.9(2.0) 87.3(1.0) 90.6(0.6) 91.1(0.5) 91.1(0.5) | 79.8 (0.8) 79.7 (0.9) 85.0 (1.1) 87.5 (0.1) 87.3 (0.1)
40% 78.6(1.9) 85.4(1.2) 89.3(0.6) 89.9(0.5) 89.8(0.5) | 76.6 (0.5) 76.8 (1.5) 81.8 (1.5) 84.4 (0.8) 84.6 (0.6)
50% 76.9(2.0) 83.4(1.0) 87.6(0.6) 88.0(0.6) 88.2(0.4) | 73.5 (0.1) 73.6 (1.7) 78.6(0.9) 81.0 (1.1) 81.1 (0.9)

to the background noise. It is often expressed in decibels (dB), and a higher SNR value
indicates a cleaner signal.

Q4: How do the methods perform when the input has both noisy and missing
signals? We also fed our model with both noisy and missing modalities at once, which
combines the two studied scenarios in Q3 and Q4. The results on the NCH and CHAT
datasets are shown in Table 2. We report the results of the baseline models for the Q4
scenario, in the Appendix (Table 5).

Q5: How do the methods perform when specific modalities are completely
missing? We also study the methods with one missing modality at a time, to find the
stability of our model when modalities are entirely (versus partially in Q2) unavailable.
Results are shown in Table 3.

6. Discussion

In this study, we presented a machine learning pipeline for apnea detection with any com-
bination of available PSG modalities. By leveraging the complementary nature of multiple
modalities, data fusion techniques can mitigate the impact of missing data, reduce uncer-

10
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Figure 2: (a) Model performance with missing modalities on the NCH dataset, (b) Models
Performance with missing modalities on CHAT dataset, (¢) Model performance with noisy
modalities on the NCH dataset, and (d) Models performance with noisy modalities on
CHAT dataset. Error bars show the standard deviation

Table 3: Performance of our model (mean AUROC £+ STD) when specific modalities are

missing on the NCH dataset.

Missing Modalit NCH CHAT
1s5imeg MOdally mENN CNN-LSTM Transformer Ours CNN CNN-LSTM Transformer Ours
EOG 83.3 (22) 83.0(9.9)  89.2(0.0)  93.0 (0.7) | 68.1 (4.5) 57.5 (41) 839 (3.6)  91.9 (1.5)
EEG 844 (2.1) 756 (9 4) 89.2 (0.5)  92.6 (0.6) | 68.9 (3.5) 51.5(7.3)  84.6 (3. 2) 91.3 (1.7)
Resp 829 (1.9) 87.3(2.3)  86.3(0.8)  91.4 (0.5) | 73.1 (11.1) 56.6 (10.4)  86.3 (2.7 88.3 (1.7)
SpOs 64.8 (1.4) 632 (3 0)  835(1.0) 915 (0.3) | 51.0 (1.6) 75.1(5.8)  83.5 (L. o) 89.8 (0.7)
CO, 81.1(3.4) 804 (5.9)  89.4(0.5)  92.9 (0.5) | 73.3 (18.6) 886 (0.7)  89.4 (0.5 92.5 (0.9)
ECG 80.8 (2.3) 85.6 (2 3)  885(05)  93.1 (0.6) | 61.8 (6.9) 54.0 (88)  81.0 (3. 6) 91.8 (0.8)
EOG, EEG | 79.5 (2.9) 747 (122) 88.7(0.5)  91.5 (0.8) | 62.3 (2.2) 478 (5.1) 827 (40)  90.3 (2.1)
None | 86.4(1.2)  89.4(0.6) 90.4 (0.4)  93.4 (0.4) | 86.8(1.0)  89.7(0.7) 90.0 (0.8)  93.3 (0.6)

tainty, improve the overall robustness of the fused information, and compensate for the

absence of certain modalities.
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We showed that our hybrid pipeline —which combines a transformer-based architecture
and a gated fusion— is robust to noisy and missing modalities and outperforms several
recent baselines. Specifically, we investigated the effect of imperfect (noisy and missing)
signals on the performance of apnea detection models. The performance of the models that
are not designed to handle such conditions can degrade drastically as the imperfection of
input signals increases. As shown in Figure 2, our model is more resilient to various degrees
of missingness and noise in comparison with the baselines.

In this study, we used six different modalities, each of which with various noise types.
Some of these types of noise have been comprehensively studied, and efficient removal
approaches are available for such noises (Limaye and Deshmukh, 2016; Lai et al., 2018). Asa
result, some standard noises are removable using well-known denoising approaches without
losing too much information and performance degradation. For instance, the “baseline
wander” and “power-line interference” noises in ECG signals are removable using a notch
filter (a filter that eliminates a single frequency from a spectrum of frequencies) and a
high-pass filter (a filter that passes signals with a frequency higher than a certain cutoff
frequency). To demonstrate the robustness of our proposed pipeline to this type of noise,
we report the performance of our method in the presence of such noise in Appendix C.

In our study, however, we focus on noises that can deeply disturb the signals so that
the original signals are not distinguishable. This type of noise is not easily reproducible,
like the easy-to-model noises we discussed above. Modeling this type of noise is very hard.
Such noise types include patient movements or electrode detachment, which are events that
can introduce severe noise.

The clinical implications of our study are also worth noting. Our method can be espe-
cially relevant to the ongoing efforts to adopt at-home sleep apnea testing (HSAT) solutions.
While there exist several FDA-approved commercial HSAT products (Van Pee et al., 2022;
Manoni et al., 2020), inside-clinic PSG is still the gold standard for diagnosing sleep apnea.
This is partly due to the challenges that sleep recording can present.

Research on HSATS is especially relevant to pediatric populations, as such tools are
almost widely available for adults, but not children (Kirk et al., 2017). In fact, a key
barrier to running sleep apnea testing outside the clinic for children is the presence of noise
and missingness, as children can move more frequently, be less cooperative, and pull the
probes, among other issues.

Additionally, a key difference between apnea detection in adults versus children relates
to using SpOy (for adults) versus EEG (for children) as the main signal for apnea detection
(Bandla and Gozal, 2000). In children, the brain activates early on to regulate breathing
and sleep disorders, therefore it functions as a better signal for apnea detection. As we
show in Table 3, even without EEG and EOG (i.e., the two critical but challenging to
collect signals in children), our method performs very well.

The two datasets that we use in this study are related to pediatric sleep studies, further
showcasing the performance of our pipeline on pediatric cases. We also report the perfor-
mance of our model across different ages in Appendix E to further highlight the potential
of our pipeline in informing the efforts targeting younger age patients.

Some limitations of our study are worth noting. A common concern in apnea detection
models relates to the lack of sub-typing. Although apnea and hypopnea have three different
types (i.e., obstructive, central, and mixed) (Javaheri et al., 2017), our work, similar to
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most prior studies, only tries to train a model that detects apnea, not its type and sever-
ity. Another limitation relates to model interpretability. While the fusion mechanism in our
model compensates for noisy or missed signals by dynamically adjusting its decision-making
process and leveraging signals from other modalities, the precise mechanism of compensa-
tion remains unclear due to the model’s “opaque box” nature. Moreover, in this study,
we manually added noise to the lab-recorded PSG data. While we are not aware of any
large study collecting at-home sleep data, evaluating our model using data recorded using
HSAT devices with actual noise could have demonstrated our model’s performance more
comprehensively. Additionally, our model may underperform on unbalanced datasets (i.e.,
those consisting mainly of data from healthy individuals without apnea).

In the future, we plan to investigate whether applying our method can also help to
improve sleep staging performance in comparison with existing methods. Sleep staging is
mostly done using EEG and EOG.
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Appendix A. Transformer Backbone

The encoder and decoder consist of multiple layers of transformer, each consisting of two
components. Both components have a residual connection and a normalization layer. The
first is the multi-head self-attention (MHSA), which allows the different parts of the input
sequence to interact:

X' = LayerNorm(X) (19)

MHSA(X') = Concat(hy, ..., hy)WC (20)
where:
WEX (WNX)T
vy,

The second component is a fully connected network (FCN) which applies a nonlinear
transformation to each position in the sequence:

hi = Softmax( wyx'. (21)

X" = LayerNorm(X + MHSA(X')) (22)
FCN(X") = ReLU (X" "Wy + b1)Ws + b, (23)
output = X' + FCN(X") (24)

WiN , WZK , Wiv are learnable weights related to the head i of the self-attention module.
dy, is the dimension of queries and keys in self-attention. (Wi, b1) and (Wa, b)) are the
learnable weights and biases for the first and second layers, respectively.

Appendix B. Additional training details

In experiments, we used Adam optimizer (Kingma and Ba, 2017) with a learning rate of
1073, 81 = 0.9, B> = 0.999, and € = 10~7. A batch size of 256 was used for training. We
use L2 weight regularization with A = 1073 and dropout (rate=0.25) to avoid overfitting.
We trained the model for 100 epochs in a 5-fold cross-validation manner. our model was
implemented using Keras (Chollet et al., 2015) inside the TensorFlow (Abadi et al., 2016)
framework.

Hyper-parameters tuning We performed a grid search to empirically find the best
values. We ran the experiments with models with different numbers of transformer layers
and heads in each layer. For our task, the best performance achieved with the model has
5 layers and 4 heads in each layer. in our architecture, each layer consists of two layers of
MLP with 16 and 32 units. Fully connected layers in a gated fusion network have 8 units,
which have been selected among 4, 8, 16, and 32 units.
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Appendix C. Extended Results

The performance of SOTA models in terms of AUROC with the concurrent occurrence
of noise and missingness on the NCH dataset is shown in Table 5. The performance of
the proposed model in terms of AUROC when just utilizing ECG signals with Baseline
wandering and Powerline interference noises are shown in Table 4.

AUROC
CHAT NC
Baseline wandering 82.2 (0.7) 82.5 (
(
(

Noj
olse type 7]

0.7)
0.7)
0.6)

Table 4: Performance of our model with noisy ECG signals. Mean(+ STD)

Powerline interference | 82.4 (0.8) 82.8
Without Noise 83.1 (0.6) 83.4

Appendix D. Noise and missingness algorithms

Additive white Gaussian noise generation and Random epoch-channel omission are shown
in algorithms 2 and 1, respectively.

Algorithm 1: Random epoch-channel omission

Input: {S;}_,, omission_ratio
Output: {S;}1_,
for i< 1 to I do
for j <1 to J; do
for m < 1 to M do
rnd < Generate a random number in (0,1)
if rnd < omission_ratio then
| xif =
end

end
end

Appendix E. Model performance across different ages

We separated out patients according to their age range to study the performance of the
methods across different ages. The results for the NCH dataset are shown in Figure 3. One
can observe that the model’s discriminative performance remains consistently over 90%,
while the performance is slightly lower in younger ages. The patients’ age distribution is
shown in Figure 3.
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Table 5: Performance of the baselines and our model in terms of AUROC with concurrent
occurrence of noise and missingness on NCH dataset. The mean (standard deviation) values
are shown.

Missing ratio SNR CNN-LSTM CNN Transformer Ours

10 57.0(3.3) 588(2.0) 82.1(0.2)  84.9(1.9)
20 66.6(5.5) 73.7(1.1)  83.0(0.3)  90.4(0.9)
10% 30 80.4(0.9)  80.5(0.7)  84.6(0.5)  92.6(0.5)
40  81.8(0.9)  81.4(1.0)  86.3(0.5)  92.8(0.5)
50  81.8(1.0)  81.2(0.9)  86.5(0.3)  92.8(0.5)
10 57.4(24)  588(1.7)  79.4(0.2)  82.9(1.9)
20  64.6(3.7)  69.0(0.7)  80.0(0.5)  89.0(1.1)
20% 30 74.9(05)  74.1(0.5)  81.8(0.4)  91.8(0.6)
40  75.9(0.7)  74.7(0.9)  83.1(0.4)  92.0(0.5)
50  75.9(0.9)  74.5(1.0)  83.3(0.4)  92.1(0.5)
10 56.8(2.0) 58.6(1.2) 76.2(0.5)  80.9(2.0)
20 62.3(2.2)  65.2(0.6) 77.1(0.3)  87.3(1.0)
30% 30 70.2(0.6)  68.7(0.5)  78.3(0.5)  90.6(0.6)
40  70.5(1.2)  69.3(0.8)  79.5(0.5)  91.1(0.5)
50  70.4(1.2)  69.3(0.8)  80.0(0.5)  91.1(0.5)
10 56.6(0.9) 57.6(0.9) 73.1(0.7)  78.6(1.9)
20 61.0(1.6)  62.4(0.5)  73.8(0.9)  85.4(1.2)
40% 30 66.0(04) 64.7(0.3)  74.8(0.8)  89.3(0.6)
40  66.3(1.1)  65.0(0.7)  76.1(1.0)  89.9(0.5)
50  66.4(1.1)  64.9(0.9)  76.3(1.1)  89.8(0.5)
10 56.0(1.0) 56.6(0.9) 69.7(0.9)  76.9(2.0)
20  58.6(1.4)  59.7(0.5)  70.4(0.9)  83.4(1.0)
50% 30 62.3(0.9)  60.9(0.4)  71.3(0.8)  87.6(0.6)
40  62.6(0.8) 61.1(0.7)  72.3(1.2)  88.0(0.6)
50 62.5(0.4)  61.2(0.7)  72.7(1.2)  88.2(0.4)

Appendix F. Computationl complexity

Addressing concerns about the potentially high number of trainable parameters and com-
putational costs associated with unimodal modules, we compared the trainable parameters
of our proposed model with the aforementioned baseline models, shown in 6.
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Algorithm 2: Additive white Gaussian noise generation

Input: {S’i}ile, target_snr, noise_occurrence_chance
Output: {S;}._,

for i < 1 to I do

for j <+ 1 to J; do

for m <1 to M do

T (xisd )2
. (X
stgnal_average_power = M

signal_average_power_db = 10 x logo(signal _average_power)
noise_average_power_db = signal_average_power_db — target_snr
noise_average_power = 1(Qnoise-average-power_db
noise ~ Normal(0, y/noise_average_power)
rnd < Generate a random number in (0,1)
if rnd < noise_occurrence_chance then

| X5« X5 4 noise

end
end

end
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Figure 3: Performance of the proposed and state-of-the-art models across different age
groups on the NCH dataset.

Model Number of trainable parameters
CNN 177K
CNN+LSTM 245K
Transformer 138K
Ours 446K

Table 6: Comparison of trainable parameters across different architectures.
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