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Apnea and hypopnea are common sleep disorders characterized by the obstruction of the airways.
Polysomnography (PSG) is a sleep study typically used to compute the Apnea-Hypopnea Index (AHI),
the number of times a person has apnea or certain types of hypopnea per hour of sleep, and diagnose
the severity of the sleep disorder. Early detection and treatment of apnea can significantly reduce
morbidity and mortality. However, long-term PSG monitoring is unfeasible as it is costly and
uncomfortable for patients. To address these issues, we propose a method, named DRIVEN, to
estimate AHI at home from wearable devices and detect when apnea, hypopnea, and periods of
wakefulness occur throughout the night. Themethod can therefore assist physicians in diagnosing the
severity of apneas. Patients can wear a single sensor or a combination of sensors that can be easily
measured at home: abdominal movement, thoracic movement, or pulse oximetry. For example, using
only twosensors,DRIVENcorrectly classifies72.4%of all test patients intooneof the fourAHI classes,
with 99.3% either correctly classified or placed one class away from the true one. This is a reasonable
trade-off between the model’s performance and the patient’s comfort. We use publicly available data
from three large sleep studies with a total of 14,370 recordings. DRIVEN consists of a combination of
deep convolutional neural networks and a light-gradient-boost machine for classification. It can be
implemented for automatic estimation of AHI in unsupervised long-term home monitoring systems,
reducing costs to healthcare systems and improving patient care.

Apnea and hypopnea are common sleep-related breathing disorders that
affect 6% to 17% of adults, reaching up to 49% in older populations1. They
are usuallymarkedbypauses inbreathingor shallowbreathing, respectively.
This can happen, for example, when the soft tissue at the back of the throat
collapses and closes at night2. Because blockage in the airways slows
breathing, less oxygen is sent from the lungs to the heart and body. TheCO2

level in the blood then increases due to impaired breathing, leading to
episodes of sudden awakening or choking during sleep3. During these
events, nasal airflow can cease or reduce for a short time, and the brain and
body will fight to keep breathing. Sleep apnea and hypopnea have been
associated with an increased risk of heart disease, diabetes, chronic kidney
disease, stroke, depression, and cognitive impairment2. As age and the
likelihood of having sleep apnea are positively correlated4, an aging popu-
lation is expected to add more pressure on healthcare systems.

Typically, the diagnosis and detection of sleep apnea and hypopnea are
based on polysomnography (PSG) tests conducted in a sleep facility or at

home5. PSG requires the overnight recording and monitoring of several
physiological signals, including electroencephalogram (EEG), electro-
cardiogram (ECG), electrooculogram, chinmuscle activity, legmovements,
respiratory effort, nasal airflow, and oxygen saturation (SpO2). This infor-
mation is then used to compute the Apnea-Hypopnea Index (AHI), the
numberof times apersonhas apneaor certain types ofhypopneaperhourof
sleep, as defined by the American Academy of Sleep Medicine (AASM)6.

There are many limitations with PSG tests: they are time-consuming,
expensive, and inconvenient7. As a result, it is expected that more than 85%
of people with sleep apnea or hypopnea are not diagnosed4. Hence, the
development of portable, easy-to-use, reliable, and affordable AHI estima-
tion tools is crucial to improve patient care. Currently, there is only one
method that estimates AHI8, using an oximetry signal. However, this
method does not estimate when a patient is sleeping, which is essential to
compute AHI. Instead, it uses the information of when patients are asleep
from the labels provided in the dataset (ground truth). Aswewill show later,
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oximetry signals on their own struggle to identify when patients are asleep,
even when coupled with heart rate signals. This limitation can lead to poor
AHI estimation. Finally, the available method does not detect events or
segment oximetry signals, i.e., it does not identify the exact periods of time
when apneas and hypopneas occur.

When focusing only on short time-series segments, there are many
classification tools to decide whether an apnea event is present or not (see,
for example, the comprehensive reviews in refs. 9–11). Most results are
limited to obstructive sleep apnea (OSA), themost severe and common type
of sleep apnea12. Such detection tools forOSA classification have been based
on manual feature extraction, from time and/or frequency domains of one
or more physiological signals. These algorithms require expert knowledge
for the design and selection of features to be extracted, which may still not
include the most relevant features (information) for classification from
data13. The procedure canbehard, time consuming, andoften subject to bias
or lack of generalizability14,15. Deep learning, on the other hand, has shifted
datamodeling away from “expert-driven” feature engineering toward “data-
driven” feature extraction8,11 and is now widespread across many other
biomedical applications16,17.

Based on deep learning, this paper proposes a data-driven method,
named DRIVEN, to estimate AHI and segment physiological signals. We
focus on devices that can be implemented in a home care environment and
were available in the considered datasets, including abdominal and thoracic
movement, oxygen saturation, andR-to-R interval data. Our study employs
an extensive multicenter database containing 14,370 recordings of 10,752
patients belonging to multiple ethnicities and with an average age of 68.7
years. To estimate AHI, DRIVEN detects apnea and hypopnea events, and
determines when patients are sleeping or awake. To our knowledge, it is the
first standalone algorithm to estimate AHI. Using abdominal movement
and oximetry sensors, DRIVEN correctly classifies 72.4% of all test patients
into one of the four AHI classes, with 99.3% either correctly classified or
placed one class away from the true one, a reasonable trade-off between the
model’s performance and patient’s comfort. Cross-validation and out-of-
the-domain testing show that DRIVEN is highly generalizable, achieving
highperformanceon large externaldatasets not includedduring the training
process. Given the high performance and small computational cost of
DRIVEN, we expect that it could be implemented as part of a home AHI
estimator system.

Results
Data description
Three different datasets were considered in this work: the Multi-Ethnic
Study ofAtherosclerosis (MESA)18, theMen Study ofOsteoporotic Fracture
(MrOS)19, and the SleepHeartHealthResearch (SHHS)20. These datasets are
publicly available from the National Sleep Research Resource for Sleep-
Related Studies (NSRR)21. In total, 14,370 PSG recordings were considered
in our study. Each PSG recording consists of data collected from several
physiological sensors during a patient’s overnight sleep (lasting 8.78 h on
average). The PSG recordingswere collected during typical PSG evaluations
in healthcare facilities.

This study focuses onlyonchannels that canbe easily implemented in a
home environment and are accessible in all three datasets: pulse oximetry
(SpO2), thoracic movement, and abdominal movement. Data collected
from various healthcare facilities had different sampling frequencies. These
were normalized by resampling all channels to the maximum sampling
frequency (64 Hz). Hence, all signals per patient were standardized to the
same length, which simplified the training of the neural networks. PSG
recordings were excluded from the study if they met at least one of the
following criteria: (1) poor-quality PSG recordings given by the presence of
“unsure” or “noise” labels in more than a third of the total sleep time or the
repetition of only one value through the whole signal; and (2) the absence of
one or more channels from the five initial channels selected for the study.
After applying the exclusion criteria, a total of 10,643 sleep recordings were
obtained to develop and evaluate the proposedmethod. Table 1 summarizes
the databases.

The data was labeled following the definition of AHI (ahi_a0h3a)
from theAmericanAcademy of SleepMedicine6. An apnea is defined as a
nasal flow reduction ofmore than 90%, while an hypopnea is defined as a
nasal flow reduction of more than 30%, both for at least 10 s. There are
several types of hypopneas, in which only the following two count
towards AHI: hypopneas with a reduction of oxygen desaturation equal
to 3% or more within 45 s (also labeled in the paper as hypopnea type 1)
and hypopneas with an arousal within 5 s after the end of the event
(hypopnea type 2)22. All other hypopneas (hypopnea type 3) are not
considered in the calculation of AHI. In this paper, anAHI event refers to
any of these events: apnea, hypopnea type 1, and hypopnea type 2.
According to the AASM guidelines, patients are categorized according to
their AHI: healthy (less than 5 events/h), mild (5–15 events/h), moderate
(15–30 events/h), and severe (more than 30 events/h).

DRIVEN: deep-learning model for the detection of AHI events
Wedeveloped a hybrid deep-learningmodel namedDRIVEN to (1) classify
“normal” or AHI events, (apneas, hypopneas type 1, and hypopneas type 2)
from data, (2) estimate the total time of sleep, and (3) estimate the AHI. In
the classification step, the inputs of DRIVEN are short segments of time-
series data recorded during sleep. We explored window lengths of 10, 30,
and 80 s, and selected 30 s windows as they outperformed the others at
estimating AHI (see Methods for details). We focused on the following
physiological signals: SpO2, thoracicmovement, and abdominalmovement.
DRIVEN then learns whether a given input corresponds to a normal event
or an AHI event. Figure 1 illustrates DRIVEN’s pipeline. For each available
physiological signal, a distinct deep convolutional neural network (CNN) is
trained to extract global features from the raw 1-dimensional signals. The
extracted features from all CNNs are then combined on a light gradient-
boost machine (LightGBM)23 to perform the classification between normal
and AHI events. This approach has proven to generalize better than just
using oneCNN to input all the channels (see subsection “End-to-endCNN”
in Methods). Finally, for each patient, DRIVEN counts all detected AHI
events to estimate the AHI. We evaluate the performance of different sen-
sors, window sizes, and deep-learning models. See Methods for details on
data pre-processing and model training, validation, and testing.

DRIVEN was trained and assessed on raw physiological signals. This
avoids creating human-selected features, which can sometimes lead to bias.
The data were separated by center to avoid data leakage and guarantee good
performance on external datasets. SHHS was used to train and validate the
model (both CNNs and LightGBM) while MESA and MROS were used as

Table 1 | Data description

Characteristics SHHS MROS MESA

Total PSG recordings 8444 3871 2055

Male 4458 3871 953

Female 3986 0 1102

Age 64.6 (39–90) 77.5 (67–90) 69.4 (54–94)

BMI 28.1 (18–50) 27.1 (16–47) 28.7 (16–56)

Sleep time [min] 364.34 (34–605) 352.19 (39–623) 359.72 (32–601)

AHI [per hour] 18.11 (0.0–161.8) 21.57 (0.0–106.0) 24.12 (0.0–111.9)

Ethnicity

White 85.4% 89.8% 36.2%

African 8.2% 3.5% 27.8%

Hispanic – 2.1% 23.9%

Asian – 3.3% 12.2%

Other 6.4% 1.2% –

Used PSG recordings 5288 3364 1991

Data are reported in mean and range (in parenthesis).
AHI Apnea-Hypopnea Index, BMI body mass index.
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test sets to independently evaluate DRIVEN on unseen out-of-domain data
fromother sources. For each patient, sleep intervals were sampled every 30 s
with a 15 s overlap and labeled as normal or AHI event, yielding a total of
more than 15 million samples. The training and validation data (SHHS
database) were originally imbalanced with a ratio of 6.4 normal events per
AHI event. To overcome the bias and inaccuracy associated with classifi-
cation using imbalanced data between two classes, the number of normal
events was under sampled. Balancing the number of positive and negative
samples is a common strategy followed in the literature24.

Performance of DRIVEN on sleep/awake detection
The AHI score is defined as the quotient between the total number of AHI
events recorded overnight and the total time that patient slept (see sub-
section “AHI and severity class estimation from positive events” in Meth-
ods). Hence, to get an accurate estimation of this number, DRIVEN also
needs to estimate the time thepatient slept through thenight.We trained the
same architecture proposed in Fig. 1, using window sizes of 30 s, with the
annotated labels from the dataset for awake or sleep. The training, valida-
tion, and testingmethodologywere similar as before. For the combinationof
abdominal and SpO2 sensors, we obtained an area under the receiver
operating characteristic curve (AUROC) of 0.87 and an area under the
precision-recall curve (AUPRC) of 0.90 in the test dataset. We also observe
that adding RRI to any combination of sensors has little effect on the
performanceof the algorithmand that pulse oximetry (SpO2) alone is a poor
sleep state predictor. The complete results of the sleep/wake classification
are reported in Supplementary Fig. 1 and Supplementary Table 1.

Performance of DRIVEN on classification of AHI events
We now evaluate the performance of DRIVEN in the classification task
between normal and AHI events. Results for the complete test set (MESA
andMROSdatabases) are shown in Fig. 2a,b using either a single channel or
a combinations of channels (when the sleep/awake states are also predicted

by DRIVEN). AUROC and AUPRC show that models using thoracic and
abdominal movement sensors each feature very similar performance, even
when these two sensors are used in combination. This indicates very high
mutual information between these sensors.On the other hand, adding SpO2

significantly improves the performance, indicating additional information
carried by this signal. Note that the model using the SpO2 channel alone
struggles to classify AHI events due to its poor performance to estimate
sleep/awake segments (SupplementaryFig. 1 shows a relatively lowAUROC
andAUPRof 0.72 and 0.76, respectively, on the sleep/awake detectionwhen
using only SpO2). Figure 2c shows performancemetrics as a function of the
threshold when using two sensors: abdominal movement and SpO2. Both
accuracy and F1-Event-Classification curves are relatively flat for a wide
range of thresholds showing that the model is robust to the choice of
threshold (which was decided on the validation results). Note that esti-
mating hypopneas type 2 requires detecting short-term arousals, which are
hard to estimate from the three available sensors. In contrast, apneas and
hypopneas type 1 are much easier to detect (Supplementary Figs. 2 and 11).

Performance of DRIVEN on AHI estimation
This section evaluates the performance of DRIVEN at estimating the AHI
for each patient on the test set. It consists of first estimating the total sleep
time and then counting all detected AHI events throughout the night for
each patient. Using both abdominal movement and SpO2 sensors, Fig. 3a
shows the real versus predicted AHI while Fig. 3b contains the confusion
matrix of the four severity categories. In total, 72.4%of patients are correctly
classified and 99.3% were either correctly classified or were placed one class
away from the true one. No healthy patient was classified as severe. Among
the 5355 test patients, only one severe individual was classified as healthy.
This occurred because the patient had a short sleep duration of 3.5 hours
with frequent apneic bursts. DRIVEN exhibits consistent performance
across all AHI severity levels, effectively identifying sleep-disordered
breathing events in all patient groups. The model provides a good trade-

Fig. 1 | DRIVEN’s pipeline. aData are separated by
channels and segmented into 30 s windows. b For
each channel, a distinct trained deep CNN extracts
features (outputs) from the raw signal (input). c The
extracted features are concatenated and fed to a
trained LightGBM that classifies the input data
between normal and AHI events (apneas, hypop-
neas type 1, and hypopneas type 2).

Fig. 2 | Performance of DRIVEN on the classification of AHI events. a Receiver-
operator characteristic and (b) precision-recall curves. Note the overlapping curves
for thoracic and abdominal sensors. cThreshold-dependent performance metrics of
DRIVEN when using two input channels (abdominal movement and SpO2). The

performance results are shown for all patients in the test dataset. The accuracy,
precision, recall, and F1-Event-Classification are metrics on the classification of
individual events. The F1-AHI-Classification measures the F1-Score of predicting
the AHI severity category (healthy, mild, moderate, severe) on whole sleep studies.
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off between accuracy and patient’s sleep comfort, when compared to a full
polysomnography. Results for other combination of sensors are reported in
Supplementary Figs. 3–8.

To investigatewhether somephysiological signalsmay contributemore
than others in estimating AHI, we calculated F1 scores for different com-
binations of sensors (Table 2; further details can be found in Supplementary
Figs. 3–8). Similar to the classification results above, thoracic and abdominal
movement sensors each have similar performance, while adding SpO2 sig-
nificantly improves the performance. The combination of abdominal
movement and SpO2 sensors results in one of the highest performance and
using only two sensors. We also compared the AHI classification F1 scores
when AHI is estimated (1) without sleep information, (2) with ground truth
on the sleep/awake states, and (3) with the predicted sleep/awake states
(Supplementary Table 2). Using abdominal and SpO2 sensors, the F1 per-
formance drops around 4% from the ground-truth sleeping information to
the predicted sleep. For SpO2 alone, however, the drop is considerably larger
at 12%, as this sensor alone cannot estimate sleep states as well.

Automatic detection of AHI events: segmentation of whole sleep
studies
Using DRIVEN’s classification of AHI events, we can analyze whole sleep
studies to identify apnea and certain hypopneas (types 1 and 2). Addi-
tionally, withDRIVEN’s sleep state detection, we can also identify when the
patient is asleep andwhen the patient is awake. For each patient, recordings
were sampled every 15 s with 30 s windows. Each window was labeled as
awake or sleep according to the sleep prediction classification. Then, those
segments classified as sleep are further categorized into normal or AHI
events. Figure 4 illustrates the method on a random patient, revealing the
periods of sleep with the highest AHI event episodes, compared with the
ground truth, as well as awake segments.

Discussion
This paper introduced a method, DRIVEN, to (1) classify AHI events and
sleep states, (2) estimate AHI, and (3) segment whole sleep studies, using a

single or a combination of easy to use at home sensors: abdominal move-
ment, thoracic movement, and oxygen saturation. We showed that a deep
neural network could be effectively trained using an extensive database to
extract relevant features from raw physiological data. The detection was
enhanced by combining it with a LightGBM classifier, which proved to
generalize better than using a CNN on its own, as in ref. 25. Moreover,
DRIVEN’s architecture allows for each channel to have its own sampling
frequency, and it estimates bothAHI events and sleep stages. The best trade-
off between model performance and patient comfort was achieved when
combining data from only two sensors (abdominal movement and pulse
oximetry), yielding an F1-score of 72% at estimating AHI. Hence, DRIVEN
can provide an estimation of AHI and detection and segmentation of whole
sleep studies to aid physicians make a final diagnosis. For patients, it can
guide them to seek medical attention.

Thoracic and abdominalmovement sensors each featured very similar
performance, since they bothmeasure breathing. Adding SpO2 significantly
improved the performance, which is expected given the role of SpO2 in the
clinical definition of AHI. However, SpO2 alone struggled to estimate the
total sleep time per patient and, for this reason, it should not be used alone.
Hence, the combination of SpO2 and abdominal movement sensors pro-
vided an overall good performance both in detecting AHI events and esti-
mating the total sleep time per patient. Supplementary Table 3 reports the
performance of DRIVEN on AHI-event classification using all possible
combinations of physiological signals available in the considered datasets.
RRI data, extracted from ECGs, provided only a marginal improvement
combinedwith other sensors. On its own, it resulted in a poor performance.
Nasal airflowwas also not included in themain analysis (Figs. 2 and 3) since
it is an uncomfortable sensor to sleep with, and provided similar perfor-
mance as either thoracic movement or abdominal movement sensors.

The reasons for choosing CNNs to automatically search for features
over domain knowledge feature extraction methods are mainly due to the
variety of channels to evaluate and the large available datasets. Theflexibility
of deep-learning feature extraction approach allowed us to explore several
choices of physiological channels (including all possible combinations).
DRIVEN’s architecture allows us to easily and efficiently evaluate new
sensors, such as adding a movement sensor if it is available. Several studies
have shown that, when the training datasets are large and there is enough
computing power, deep learning performs as well or better than other
machine-learning algorithms26, as demonstrated in different applications
ranging from chess games and speech recognition to computer vision27. In
the particular case of obstructive apnea detection,28 reported consistently
better results using unbiased deep-learning approaches and CNNs for
segment classification in PSG studies.

A general limitation, not just of DRIVEN but also any other method
without access to EEG data, is detecting hypopneas type 2. This type of
hypopnea requires estimating short-term arousal following a drop of at least
30% in nasal airflow, which is particularly challenging to detect from the

Fig. 3 | Performance ofDRIVENon the estimation
of AHI. a Real versus predicted AHI divided by the
four AHI severity groups. b Confusion matrix. The
performance is evaluated on the test data consider-
ing a threshold of 0.79 and a combination of two
signals (abdominal movement and SpO2).

Table 2 | F1 scores for different combinations of sensors

Sensors F1 AHI

Abdo., Thor., SpO2 0.72

Abdo., SpO2 0.72

Thor., SpO2 0.69

Abdo., Thor. 0.56

SpO2 0.63

Abdo. 0.55

Thor. 0.51
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three sensors selected in this study (Supplementary Fig. 2). Figure 4 and
Supplementary Fig. 10 also show a few false positives and some 30 s seg-
ments with a high probability of being AHI events, which in fact are
hypopneas type 3 (that are not considered in AHI, Supplementary Fig. 11).
Indeed, detecting AHI events (apneas and hypopneas types 1 and 2) is
considerably more challenging than simply detecting obstructive sleep
apneas (Supplementary Fig. 2), which is the main focus of most available
algorithms28. A more specific limitation of DRIVEN is its use of 30 s win-
dows, whichmight treat bursts ofmultiple short-lived apneaor hypopnea as
a single long event. While the smoothing window has merits by effectively
filtering noise and capturing longer events, it could lead to underestimating
the number of apnea or hypopnea, especially in cases of severe AHI. This
effect can be seen in Supplementary Fig. 10, which is a zoomed-in segment
of Fig. 4. The smoothing effect caused individual apnea events of bursts to be
merged into one event, resulting in a lower AHI estimation. The complex
influence of different bursting patterns of apnea events on AHI is also
discussed in the literature. For example,29 demonstrated that very different
bursting patterns could lead to the same AHI values. In future studies, we
plan to explore new types of AI models, including selective state-space
neural networks30, to potentially further improve performance and address
these limitations. Finally, we investigated classifying sleep or awake from
combinations of the three sensors considered in the paper (Supplementary
Table 1 and Supplementary Fig. 1). There was a decrease in performance of
DRIVEN when using predicted sleep (Fig. 2) instead of the annotated total
sleep time per patient obtained from the dataset (Supplementary Fig. 12), as
summarized in SupplementaryTable 2. Inpractice,DRIVEN’s performance
could be further improved by combining these sensors with other easy-to-
wear sensors like smartwatches or sensors under the mattress.

This result demonstrates the potential of DRIVEN for an automatic
labeling application. Compared to a Polysomnographic Technologist’s
manual detection and diagnosis of OSA, computer-assisted signal analysis
systems can reduce errors related to inter- and intra-operation variability
and tiredness induced by the arduous annotating process31. Furthermore,

most computer-based analyses can be conducted more cost-effectively and
quickly13. Overall, DRIVENcould reduce the burden on Polysomnographic
Technologists and costs to the healthcare system by making feasible the
examination of patients through multiple nights from data that can be
collected at home by wearable devices.

Methods
Data specification
The polysomnography data is available in European Data Format (EDF)32,
while the profusion files, in XML format, serve as the annotated label files.
These files have been annotated for each sleep stage using the Rechtschaffen
& Kales (R&K) criteria33. Each profusion file includes annotations for every
30-second sample of sleep stages and instances of sleep problems, with
information on initiation and duration time, as well as the sensor used to
detect the anomaly. Databases are summarized as follows.
1. The MrOS Sleep Study: MrOS is a substudy of the Men Study of

Osteoporotic Fractures. Between 2000 and 2002, a baseline evaluation
was performed on 5994 elderlymen 65 years of age or older taken from
six clinical institutions. Between December 2003 and March 2005, a
total of 3135 of these participants were subjected to complete unat-
tended polysomnography and 3 to 5-day actigraphy tests as part of the
sleep study. The purpose of the Sleep Studywas to determine the extent
towhich sleep disorders are linked to adverse health outcomes, such as
the increased risk of death, fractures, falls, and cardiovascular disease.

2. The MESA Sleep Study: The Multi-Ethnic Study of Atherosclerosis
(MESA) is a collaborative 6-center longitudinal investigation of factors
associated with the development and progression of subclinical to
clinical cardiovascular disease in 6814 black, white, Hispanic, and
Chinese Americanmen and women aged 45 to 84 years in 2000–2002.
The participants were all between the ages of 45 and 84 at the time of
the study. Four follow-upexaminationshavebeenperformed, one each
in the years 2003–2004, 2004–2005, 2005–2007, and 2010–2011.
Furthermore, 2237 people participated in a Sleep Exam conducted by

Fig. 4 | Automatic labeling of AHI events for a random patient using two sensors
(abdominal movement and SpO2). The blue areas represent true events (zero
indicates no event and one indicates an AHI event). The output of DRIVEN is
illustrated with symbols that represent, for each 30 s window, the probability of the
window to be classified as an AHI event. The windows are colored according to their
classification, depending on whether they are above or below the determined

threshold of 0.79. The black crosses represent the segments that were classified as
awake, the green triangles the ones classified as not AHI events, and the red stars are
the windows classified as AHI events. The second plot zooms in a 1h segment.
Supplementary Fig. 10 increases even further the resolution to a 15 min interval.
Supplementary Fig. 11 includes the ground truth labels divided by apnea and dif-
ferent hypopnea types.
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MESA Sleep between 2010 and 2012. This exam included an
unattended overnight polysomnogram, wrist-worn actigraphy for
seven days, and a sleep questionnaire. The sleep study aims to
determine whether there is a correlation between subclinical
atherosclerosis and sex, ethnicity, or other demographic differences
in sleep and sleep disorders.

3. The SHHS Sleep Study: The Sleep Heart Health Study is a multicenter
cohort study conducted by the National Institute of Heart, Lung, and
Blood. The purpose of the study was to investigate the effects of sleep-
disordered breathing on the cardiovascular system and also on other
aspects of a person’s health and to determine whether breathing
problems that occur during sleep are related to an increased risk of
coronary heart disease, stroke, death fromall causes, andhypertension.
Between November 1995, and January 1998, SHHS Visit 1 research
focused on participants who were at least 40 years old and included
6441 men and women. A second polysomnogram, known as SHHS
Visit 2, was performed on 3295 participants during the third exam
cycle (January 2001 to June 2003).

For the labeling of events, a window is consideredAHI event positive if
it is satisfies one of the AHI conditions (apnea, hypopnea type 1, and
hypopnea type 2). To obtain AHI, the total number of AHI events
throughout the night is divided by the total number of hours of sleep.

Data pre-processing and model training
First, data is split by measurement channel (SpO2, abdominal movement,
thoracic movement, RRI and airflow). For each patient, the initial and final
30 min were removed from the recording as they are considered set up
times. Then, for each channel per patient, all signals are standardized and
normalized (to speed up training) by calculating the z-scores of 95% of the
data points and applying min-max normalization to eliminate the bias of
mean and variance of the raw one-dimensional signal34. The RRI data was
inferred from ECG data by measuring the time difference between heart-
beats (from one R peak to the next R peak) using the Pan-Tompkins
algorithm35,36. Subsequently, each channel’s frequency was set to 64Hz,
which is the maximum frequency of the measurements, using the cubic
spline as the interpolation method37; this method is simple to implement
and, at the same time, it does not attenuate higher frequency components of
the signal. Finally, the signals were segmented into windows of 30 s and
labeled as “normal” and “AHI events”. Data windows correspond to the
same time instance across all channels (Fig. 1a).

Normalized samples of 30 s from each channel are then fed in parallel
into distinct deep CNNs. Each CNN is independently trained on a specific
channel to classify theAHI events from the normal windows, and then used
for automatic feature extraction (Fig. 1b). The training was performed
balancing the numberof normal andAHI events fed to the network. For this
task, the number of normal samples was randomly downsampled to match
the amount of positive samples. Once the networks have been trained,
features are extracted and concatenated to integrate information from dif-
ferent physiological biomarkers. This is achieved by using the concatenated
features to train a LightGBM classifier for binary classification between
normal and positive AHI-event windows (Fig. 1c).

The CNNs were trained and cross-validated with 7,753,500 samples,
1,042,652 positives and 6,710,848 negatives, from 5288 PSG recordings in
the SHHS database. We use the EfficientNetV2 architecture, a deep CNN
with 479 layers developed by Google in 202138. It is a modified and opti-
mizedversionofEfficientNet39, a popular image classificationalgorithmthat
won the ImageNet 2019 competition40. The architecture used in this paper
has been modified to handle unidimensional data and perform binary
classification. Each CNN was independently trained using raw unidimen-
sional physiological data from pulse oximetry, RRI, thoracic movement,
abdominal movement, or nasal airflow. Categorical cross-entropy was used
as the loss function and ADAM as the optimizer41. If the validation loss did
not decrease after eight consecutive epochs, the training was terminated.
Once the networks were trained, the final two layers were removed and the

last global average pooling layer is used to yield 1280 features fromeach data
channel.

Feature classifier
After the neural networks are trained, and features are extracted, the next
step is to concatenate the features extracted by all CNNs and use them for
training a LightGBM classifier. In contrast to a large number of other well-
known algorithms, such as XGBoost42 andGBDT43, LightGBMemploys the
classification algorithm for growing trees in a leaf-wise manner rather than
in a depth-wise manner. The leaf-wise algorithm can converge significantly
faster than the depth-wise growth method, although its growth can be
subject to overfitting if the appropriate hyperparameters are not used23. We
use a randomsearchmethodwithin a specified set of parameters tooptimize
the training and performance of the LightGBM. This allows a fixed number
of parameters from a particular distribution to be sampled instead of testing
all the values of potential parameters44. The output of the feature classifier is
the probability that the evaluated segment containsAHI events according to
theAHIdefinition.The trainingwasperformedwith abalanceddataset. The
complete datasets, however, are imbalanced (more negative AHI events
than positive ones). Hence, on the validation data, we determined the
probability threshold that optimizes the performance metrics of the classi-
fier. This probability threshold was chosen so that the precision and the
recall metrics have the same value in the validation dataset (Supplementary
Fig. 9a).

Models and channels comparison
We evaluated longer and shorter window sizes for event classification and
AHI estimation on a subset of 1000 randomly selected patients in a 3-fold
cross-validation experiment, and selected 30 s windows for their higher
performance in the validation set. Additionally, we noticed a delay in the
response of SpO2 signal when a respiratory event occurred; thus, we also
evaluated the model performance using different delays in the SpO2 signal
(10, 15, 20, and 25 s delays). For AHI-event classification, we evaluated the
feature extraction at different layers of the neural network (model called
LGBM-1 for the last layer and LGBM-3 for the third last layer), and the
performance of neural networks trained on each channel separately. In
summary, we evaluated 9 different channels (abdominal, thoracic, nasal
airflow,RRI, SpO2, SpO2+10s delay, SpO2+15s delay, SpO2+20sdelay, and
SpO2+25s delay), two different models (LGBM applied to the combination
of different sensors extracting the information at the third last layer or at the
last layer of eachEfficientNetV2), and three differentwindow sizes (10s, 30s,
and 80s). Note that every time SpO2 is used, all its delayed signals are also
used as separate channels. The summary of these results are reported in
Supplementary Table 3 and the complete set of results is in Supplementary
Table 4. These tables show that the 10s windows yield consistently lower
performance and RRI signals provide negligible performance improve-
ments. Hence, we now focus on the window sizes of 30 s and 80 s, as well as
the channels abdominal, thoracic, and SpO2, and use the training data as
described below. The complete performance results are reported in Sup-
plementary Table 5, which also includes the estimation of AHI. On the
validation dataset, these tables show that a larger window size leads to better
classification of AHI events, whereas a lower window size results in better
AHI estimation. Larger window sizes are less suited for counting the AHI
events needed for AHI estimation as multiple AHI events are counted as a
single detection. Since most AHI events last 30 s or less, the 30 s window
presents a good trade-off between event classification and AHI estimation.
Hence, we finally selected the 30 s windows because the objective of this
paper is on AHI estimation. The 30 s windows also allow us to do a better
whole sleep study segmentation.

End-to-end CNN
DRIVEN’s architecture consists of a combination of CNNs and LightGBM.
Here, we compare its performance with that of a single CNN that inputs all
channels and then performs the final classification. For this model, we used
the sameNN,EfficientNetV2, and changed the input layer to accept a vector
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for each channel. As in the previous section, we compared the AHI-event
classification as well as theAHI classification of patients with the same 1000
randomly selected patients. Supplementary Table 4 shows that the valida-
tion results are quite similar, with the end-to-end CNNs having a slightly
lower performance compared with the combination of CNNs and
LightGBM. However, the performance of the end-to-end CNNs drop sig-
nificantly in the test datasets, which are also detailed in this spreadsheet. The
end-to-end CNNs tend to overfit the training data and the combination of
CNNs and LightGBM shows better generalization across datasets. This
result has also been observed by others (see, for example,25).

Dataset partition into train, validation, and test
Weperformed three different trialswith the complete dataset: (1) SHHSand
MROS patients as training and validation sets in an 80–20% random split
andMESA patients as test set, (2) SHHS patients as training and validation
sets in an 80–20% random split and MESA and MROS as test set, and (3)
SHHS, MROS and MESA patients as training, validation and test sets in a
60–20–20% random split. Because there are patients in SHHS and MROS
databases that have two recordings, to avoid data leakage we were careful to
always place them in the same partition. The performance metrics for
validation and test sets of each trial can be found in Supplementary Table 5.
All the results and figures presented in the paper are from trial 2, as we only
trained and validated with patients from the SHHS database and tested the
model’s performance to close the domain gap when applying our algorithm
to the other two independent databases.

Sleep/awake classification
The calculation of AHI requires the total time the patient has slept,
excluding awake times throughout the night. Hence, it is important to
discriminate between sleep and awake intervals. The profusion files per
patient were already labeled with this information, which we could use to
compute the total sleeping time. This information can also be estimated
from other sensors like photoplethysmograms (PPG)45 or accelerometers.
Here, to provide a standalone solution, we investigated classifying sleep or
awake from combinations of only the available three sensors considered in
the paper. We used the same architecture (CNN+LGBM) and model
comparison methodologies to estimate if a 30 s window is sleep or awake.
Additionally, we investigated adding an extra sensor, RRI, already discarded
forAHI-event prediction. The results are presented in SupplementaryTable
1 andSupplementaryFig. 1.Theperformance is high formost combinations
of sensors. The exception is SpO2 alone, which struggles to correctly dif-
ferentiate between sleep and awake windows. Adding an RRI sensor does
not improve the sleep prediction performance either with the best classifiers
or alone. This sleep prediction, with a threshold of 0.5 to classify sleep or
awake, is then used for the AHI estimation of each patient.

AHI and severity class estimation from positive events
As the data were imbalanced, we determined the final classification
threshold as the point of intersection of the precision and the recall
curves on the validation data (Supplementary Fig. 9a). Then, for each
patient in the validation dataset, we went through the overnight study
classifying all 30 s windows sampled every 15 s (hence, consecutive
windows overlap by 15 s). Each 30s window was first classified as awake
or sleep, and the sleep segments were further classified into positive AHI
event or negative by using the previously defined threshold (Fig. 4).
Next, we calculated the ratio between the number of positive AHI events
over the total sleep segments. With these ratios, one per patient, we
fitted a linear regression to the value of AHI of these patients. In this
regression, we used weights to account for the imbalance of the number
of patients in different AHI classes. For the test set, we used the
threshold selected before (Supplementary Fig. 9b), and obtained the
AHI event vs sleep windows ratio as before. Finally, we used the pre-
viously determined linear regression factors to obtain theAHI of the test
patients. Recall that the patient severity class was determined following
the rules provided by the American Academy of Sleep Medicine6.

Performance metrics
The performance of the models was evaluated based on the following
metrics. Let true positive (TP) represent the number of AHI events that are
accurately predicted. True negative (TN) represents the number of normal
events that are accurately predicted. False negative (FN) represents the
number of AHI events incorrectly predicted as normal events, and false
positive (FP) represents the number of normal events incorrectly predicted
as AHI events. The accuracy of the model is given by (TP+TN)/(TP+
TN+ FP+ FN), indicating the probability of correctly identifying normal
and AHI events; the recall is given by TP/(TP+ FN), indicating the prob-
ability of identifying AHI events; the specificity is given by TN/(TN+ FP),
indicating the probability of detecting normal events; the precision is given
by TP/(TP+ FP), indicating the ratio between detected AHI events and all
predicted AHI-event cases; and the F1-score 2(precision × recall)/(preci-
sion+ recall), indicating the harmonic mean of precision and recall. For
everymethod, the receiver operating characteristic curve, and the precision-
recall curve were obtained for each possible classification threshold. The
areaunder both of these curves allows us to compare the global performance
of each architecture. Finally, the patient severity classification results were
evaluated by assessing the F1 score of each class and then averaging them.

Data availability
The data was provided by the National Sleep Research Resource and are
publicly available on request at https://sleepdata.org/.

Code availability
Data pre-processing and segmentation were implemented using MATLAB
software. The neural network was implemented on the Keras framework
with Tensorflow backend on Python 3.7. The codes are available in GitHub
at https://github.com/LCSB-SCG/DRIVEN/.
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