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Abstract—Obstructive Sleep Apnea Syndrome (OSAS) is a clinically significant disorder characterized by recurrent
episodes of upper airway obstruction, manifesting as either apnea or hypopnea, predominantly occurring at the pharyngeal
level. Despite the preservation of respiratory muscle function during these episodes, OSAS poses considerable health risks,
including cardiovascular complications and cognitive impairment. In recent years, a growing body of literature has explored
novel methodologies to discern and diagnose OSAS, with a particular focus on cardiac activity analysis through Heart Rate
Variability (HRV).

This study contributes to the existing literature by conducting a comprehensive HRV analysis aimed at identifying
indicative patterns of sleep apnea. The analysis incorporates diverse parameters within both time and frequency domains,
facilitating a nuanced understanding of the complex interplay between cardiac dynamics and respiratory disruptions during
sleep. In an effort to enhance the interpretability of the data, various scaling and dimensionality reduction techniques, such
as Principal Component Analysis (PCA), t-distributed Stochastic Neighbor Embedding (t-SNE), and Uniform Manifold
Approximation and Projection (UMAP), were applied.

The dataset utilized in this investigation comprises records from 70 patients, sourced from the Apnea-ECG Database on
the Physionet platform. To discern the optimal classification model, several machine learning algorithms were employed
after the dimensionality reduction, including k-Nearest Neighbors (k-NN), logistic regression, Support Vector Machine
(SVM), Decision Tree, Random Forest, and Gradient Boosting. Intriguingly, the results demonstrate a remarkable 100%
accuracy across all classifiers when utilizing the UMAP dimensionality reduction method.

A distinctive feature of the proposed methodology lies in its amalgamation of machine learning techniques with HRV
parameters post-dimensionality reduction. This approach not only enhances the interpretability of the complex physiological
data but also underscores the potential applicability of the developed model in real-world scenarios for the detection of
OSAS. The robustness of the proposed approach, as evidenced by its high accuracy rates, positions it as a promising tool for
advancing diagnostic capabilities in the realm of sleep medicine. Future research endeavors may further refine and validate
this methodology, paving the way for its integration into clinical practice and contributing to the broader landscape of sleep
disorder diagnostics.
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I.  INTRODUCTION with recurring hypoxemia episodes and excessive sympa-
thetic nervous system activity, can lead to increased

The text discusses Obstructive Sleep Apnea Syn- 504 pressure with subsequent complications.

drome (OSAS), a condition caused by recurring episodes

of upper airway obstruction (apnea) or narrowing (shal- The lack of oxygen activates a survival reflex, prompt-
low breathing) occurring at the level of the throat, with  ing the individual to wake up to restore breathing. While
preserved respiratory muscle function [1], [2]. Conse-  this reflex sustains life, it interrupts the patient's sleep
quences of apnea and shallow breathing include wors- cycle, hindering restful sleep and potentially leading to
ened blood oxygenation and awakening episodes (most ~ severe consequences, including cardiac strain with
remain unconscious), leading to sleep fragmentation.  Potentially fatal outcomes [1], [2].

This results in daytime complaints and, in conjunction
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EJIeKTpOHHi CUCTEMH Ta CUTHaJIHU

In recent years, increasing attention has been given
to research on identifying apnea through the analysis of
heart activity based on heart rate variability. Heart rate
variability (HRV) is the fluctuation in time intervals
between consecutive heartbeats. HRV indexes neurocar-
diac function and is generated by the interaction
between the heart and brain, as well as dynamic nonlin-
ear processes in the autonomic nervous system. HRV is
a property of interdependent regulatory systems acting
on different time scales to help us adapt to environmen-
tal and psychological challenges. It reflects the regulation
of autonomic balance, arterial pressure (AP), gas
exchange, intestinal tone, heart and vessel tone related
to the diameter of blood vessels regulating AP, and even
facial muscles [3], [4].

In the study [5], HRV analysis was used to measure
and assess the autonomic nervous system (ANS) function
during normal breathing and apnea in two groups of sub-
jects. The results showed that compared to normal
breathing, both simulated apnea (voluntary apnea) and
actual apnea (sleep disorder) led to a significant increase
in the average R-R interval duration, normalized power
of low-frequency (LF) components, LF/HF ratio (where
HF stands for high frequency). Meanwhile, the values of
the root mean square of consecutive differences in
RR intervals (RMSSD) parameter and normalized power
of HF components significantly decreased, indicating
a substantial enhancement of sympatho-vagal modula-
tion. The ANS balance underwent significant changes,
and the fractal characteristics of the heart were strength-
ened [5]-[7].

HRV analysis for determining sleep apnea features
can be conducted using various types of parameters.
Time domain indices are easy to compute and intuitively
understandable. Frequency domain indices are used to
measure sympatho-vagal modulation. For instance, nor-
malized power of HF components can reflect relative
vagal modulation, while normalized power of LF compo-
nents can reflect relative sympathetic modulation [5]—
[7]. In the study [5], apnea was defined as a cessation of
breathing for longer than 15 seconds, although sleep-
related breathing disorder studies typically use a thresh-
old of 10 seconds.

The reasons why apnea leads to arrhythmia are
diverse and complex. From an anatomical perspective, it
has been established that inspiratory muscles in
the lungs relax during apnea. Subsequently, the relaxed
muscles cause an increase in intrathoracic pressure, hin-
dering venous return to the right atrium, reducing abso-
lute venous pressure. These low-level changes contrib-
ute to enhanced sympathetic modulation through low-
pressure baroreceptors, making the ANS imbalanced and
ultimately leading to arrhythmia. This study investigated
arrhythmia causes through changes in ANS function.
Experimental results showed that during apnea, an
increase in the average R-R interval indicated increased

vagal modulation, while a decrease in RMSSD and nor-
malized power of HF, along with an increase in normal-
ized power of LF and LF/HF ratio, indicated a relatively
enhanced sympathetic modulation and a disturbance in
the initial ANS balance. Heart modulation is regulated by
the ANS, and when normal ANS function is disrupted,
abnormal heart rhythm forms, causing arrhythmia.
Simultaneously heightened sympathetic and parasympa-
thetic modulations are also the most common triggers
for arrhythmia, such as atrial fibrillation [5]-[7].

Most studies on detecting sleep apnea rely on super-
vised learning [8]. In these studies, oxygen saturation and
ECG signals were used as biomedical markers for sleep
apnea, as their correlation with apnea was observed —
the research shows that heart rate and systolic blood
pressure increase in response to apnea. Various decision
tree classifier variants were employed to achieve an
accuracy of 93%. PPG measurements were obtained
from an SPO2 sensor and analyzed to calculate heart rate
and respiratory effort. One of the best classification per-
formances, reaching 87%, was obtained when linear dis-
criminant analysis was used to combine SPO2 and PPG
features. In other studies, accuracy reached 77.7%, com-
bining statistical and temporal features of SPO2 and PPG,
incorporating age as a feature, and using these data as
input for a SVM algorithm. The studies discussed in [8]
emphasize that age is also an explicit parameter as it cor-
relates with cardiovascular health, and using age alone
for detecting apnea can provide sufficient accuracy.

This work presents the results of the analysis of HRV
parameters using machine learning methods to identify
sleep apnea features. The distinctive aspect of the pro-
posed approach is the application of machine learning to
HRV parameters after reducing their dimensionality.

l. MATERIALS AND METHODS

A. ECG measurement and pre-processing

The work utilized the Apnea-ECG Database from
the PhysioNet platform [9]. This database consists of 70
signals (35 for the training dataset and 35 for testing
the algorithm), each representing a person's ECG during
sleep with a duration of 7-10 hours, and they include
annotated QRS complexes. The database also contains
annotation files for the occurrence of apnea in the train-
ing set. Examples of rhythmograms for cases with and
without apnea are provided in

During the preprocessing of RR intervals using
the wfdb library [10], RR intervals longer than 3 seconds
and shorter than 0.3 seconds were removed and
replaced with their respective upper limits. Subse-
quently, spline interpolation of RR intervals was per-
formed to obtain a uniformly discretized time series with
a sampling rate of 2 Hz.
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Fig. 1 Examples of a rhythmogram in a normal state (bottom plot) and during apnea (top plot)

@

B. Heart rate variability parameters HR Max — | bpm

The average difference between the

For the interpolated RR intervals, indices of HRV in | HR Min highest and lowest pulse within each
. . L . respiratory cycle.
the time domain were calculated. These indices quanti-
tatively determine the degree of variability in the interval RMSSD ms The root mean square of consecutive
between beats, which represents the period of time differences in RR intervals.
between consecutive heart contractions (see Table 1). ] ] -
HRV trian- | - The integral of the density histogram

Measurements in the frequency domain allow for gular index

of RR intervals, divided by its height.

a qualitative assessment of the distribution of absolute
and relative power in four frequency bands. The working
group of the European Society of Cardiology and

TINN ms
RR intervals.

The base width of the histogram of

the North American Society of Pacing and Electrophysi-

ology (1996) divided HRV into ultra-low-frequency (ULF), TABLE 2 FREQUENCY DOMAIN HRV PARAMETERS

very low-frequency (VLF), low-frequency (LF), and high-

frequency (HF) ranges (see Table 2). Parameter | Dimension Description
TABLE 1 TIME DOMAIN HRV PARAMETERS ULF power | ms? Absolute power in the ultra-low-fre-
quency range (<0.003 Hz).
Parameter Dimension Description
VLF power | ms? Absolute power in the very low-fre-
SDNN ms Normal-to-normal (NN) intervals quency range (0.0033-0.04 Hz).
standard deviation .
LF peak Hz Peak frequency in the low-frequency
SDRR ms R-to-R (RR) peaks intervals standard band (0.04-0.15 Hz).
deviation .
LF power ms? Absolute power in the low-frequency
SDANN ms The standard deviation of the mean range (0.04-0.15 Hz).
NN intervals for each 5-minute seg- . .
ment of a 24-hour HRV recording. LF power - Relative power in the low-frequency
band (0.04-0.15 Hz) in normalized
SDNN in- | ms The average value of the standard de- units.
dex viations of all NN intervals for each . .
(SDNNI) 5-minute segment of a 24-hour HRV LF power % Relative power in the low-frequency
recording. range (0.04-0.15 Hz).
pNN50 % The percentage of consecutive RR HEF peak Hz Peak frequency in the high-fre-
intervals that differ by more than 50 quency band (0.15-0.4 Hz).
ms.
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EJIEKTpOHHi CHUCTEMM Ta CUTHAJIHU

principal component 2

PCA data
by GradientBoostingClassifier() with train score = 0.946927, test score = 0.943107

principal component 1

Fig. 2 A scatter plot with the depicted decision boundary for the classification of apnea (brown color) and the normal state (blue color) for

the data calculated using the dimensionality reduction method PCA
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Fig. 3 Confusion matrix of the classification of apnea (0) and the
normal state (1) for the data calculated using the dimensionality
reduction method PCA

Parameter Dimension Description

HF power ms? Absolute power in the high-fre-
quency range (0.15-0.4 Hz).

HF power - Relative power in the high-frequency
band (0.15-0.4 Hz) in normalized
units.

HF power % Relative power in the high-frequency
band (0.15-0.4 Hz).

LE/HF % The ratio of power in the low-fre-
quency (LF) to high-frequency (HF)
band.

In addition to the HRV parameters in the time and fre-
quency domains, spectra and rhythmogram spectro-
grams were also calculated. For the array of HRV param-
eter features, additional scaling and dimensionality
reduction methods were applied to two main compo-
nents using the sklearn library [11]. These methods
include linear dimensionality reduction based on princi-
pal component analysis (PCA) and T-distributed Stochas-
tic Neighbor Embedding (t-SNE), as well as uniform man-
ifold approximation and projection (UMAP) for approxi-
mation and projection of diversity.

C. Machine learning models for HRV analysis

The obtained data was divided into a testing set
(20%) and a training set (80%). For solving the classifica-
tion task, the k-nearest neighbors clustering method
from the sklearn library [11] was used, specifically
the KNeighborsClassifier() class. This method is relatively
fast and works well with high-dimensional data. Addi-
tionally, the logistic regression method from the sklearn
library [11] was chosen, which is not typically used for
classification tasks but can provide sufficient accuracy
under certain data distributions. Furthermore, support
vector machines, decision trees, and ensemble methods
such as random forest and gradient boosting were used.
The respective classes from the sklearn library [11]
include SV((), DecisionTreeClassifier(), =~ Random-
ForestClassifier(), and GradientBoostingClassifier().

1. REsuLTS

Based on the accuracy comparison, the classifier
based on gradient boosting of trees proved to be
the best for the case of applying PCA. The scatterplot
with the decision boundary is shown in Fig. 2.
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TSNE data
by RandomForestClassifier() with train score = 1.000000, test score = 1.000000

principal component 2

principal component 1

Fig. 4 Scatter plot with the depicted decision boundary of the classification of apnea (brown color) and the normal state (blue color) for the

data calculated using the t-SNE dimensionality reduction method
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Fig. 5 Confusion matrix of the classification of apnea (0) and the
normal state (1) for the data calculated using the t-SNE dimen-
sionality reduction method

The obtained average accuracy of 94% for the provided
test data and the obtained labels is a quite satisfactory
result. From the confusion matrix (Fig. 3), it can be
observed that the model more often makes mistakes in
favor of the normal state. In other words, the majority of
errors correspond to situations where an apnea episode
was classified as a normal state, which is a significant
drawback of such a classification model and component
distribution.

The dataset calculated using the t-distributed
Stochastic Neighbor Embedding (t-SNE) dimensionality
reduction method allowed training classifiers with signif-
icantly higher decision-making accuracy. The scatter plot
with the depicted decision boundary is shown in Fig. 4,

and the confusion matrix in Fig. 5. The highest accuracy
of 100% was achieved with k-nearest neighbors and ran-
dom forest methods. However, it's worth noting that
such high accuracy may also indicate overfitting of
the model and may lead to low decision-making accuracy
on real-world data, although on the test data, a 100%
accuracy with 0 errors was maintained. It is also notewor-
thy that support vector machines, gradient boosting, and
decision tree methods also demonstrated high classifica-
tion accuracy at 99.9%.

The data preprocessed with the UMAP dimensional-
ity reduction method resulted in the highest decision-
making accuracy among the applied machine learning
models. The scatter plot with the decision boundary is
shown in Fig. 6, and the confusion matrix is presented in
Fig. 7. All selected machine learning models achieved
100% decision-making accuracy, which was maintained
on the test dataset as well. It is worth noting that
the obtained accuracy is due to sufficient separation of
classes in the feature space, and consequently, the deci-
sion boundary is relatively simple and linear.

The dataset formed by calculating Fourier transform
coefficients and spectrograms yielded comparable accu-
racy to that obtained through dimensionality reduction
using UMAP. However, since the dataset formed by cal-
culating Fourier transform coefficients and spectrograms
differs in its distribution in space from other considered
feature arrays, such an apnea detection algorithm may
be less effective on other real-world data. However, this
assumption requires experimental confirmation.
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principal component 2

UMAP data
by RandomForestClassifier() with train score = 1.000000, test score = 1.000000

principal component 1

Fig. 6 Scatter plot with the decision boundary of the apnea (brown color) and normal state (blue color) classification for the data calculated
using the UMAP dimensionality reduction method

True label

CONCLUSIONS

1400 The research presented in the paper investigates

the classification efficiency of human rhythmograms to
identify sleep apnea features. The study evaluates
1000 the performance of classifiers (k-NN, logistic regression,
support vector machine, decision tree, and ensemble

1200

800 methods: random forest and gradient boosting) in com-
600 bination with dimensionality reduction methods (PCA,
t-SNE, and UMAP). It is determined that the highest
400 average accuracy (100%) can be achieved by applying
non-linear dimensionality reduction using the UMAP
200 method in combination with all the classifiers used. How-
ever, this comes at the cost of the longest computation

time. Therefore, future work should focus on optimizing
feature preprocessing without sacrificing accuracy.

Predicted label

Fig. 7 Confusion matrix of the apnea (0) and normal state (1) clas-
sification for the data calculated using the UMAP dimensionality
reduction method
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Hagiliwna go peaakuii 26 ciuHa 2024 poky
MpuiitHaTa go apyky 07 6epesHa 2024 poKy

YOK 621.38

B13HayeHHA O3HAK anHOe CHY
33 AOMNOMOro0 MeToAiB MALUMHHOIO HaBYaHHA
B MOEAHAHHI 31 3SMEHLIEHHAM PO3MIPHOCTI
O3HaK BapiabenbHOCTI cepLueBOro puTmy

A. C. CamcoHeHko', =/ 0009-0006-3437-5144
A. O. Nonos?, K.T.H. aou., 1) 0000-0002-1194-4424
HauioHanbHWIA TeXHIYHWI YHIBepcUTeT YKpaiHm

«KWIBCbKUIM NONITEXHIYHWI IHCTUTYT imeHi Iropsa CikopcbKoro» R 00syn5v21
Kuis, YkpaiHa

AHomayia—CuHapom 06CTPYKTMBHOrO anHoe nig yac cHy (COAC) € xBopo6010, L0 BUHMKAE BHACNiA0OK NOBTOPIOBAHUX eni-
304iB 3yNMHKKU BEPXHiX AUXaNbHUX WwAsAXis (anHoe) abo ix cTucHeHHA (rinonHoe), AKi BUHUKAIOTb Ha PiBHI PpapuHreto, 3 36epe-
}KeHow PYHKLiEID AnXanbHUX M'a3iB. OCTaHHIM Yacom 6inblue yBaru NpUAINAETLCA [OCAIAKEHHAM TOrO, AK ifeHTUdiIKyBaTH
anHoe 3a aHani3y cepueBoi AiANbHOCTI Ha OCHOBI BapiabenbHocTi cepueBoro putmy (BPC). Y wiit po6orti aHanis BPC ana suns-
JNIeHHA 03HAaK anHoe BUKOHYETbCA 32 A0NOMOrOI0 Pi3HMX TUMNIB NapameTpiB Y YacoBOMY i YHaCTOTHOMY AOMeHaxX. 3acTOCOBaHO
KilbKa MeTOAiB LWKaNOBaHHA Ta 3MEHLLIEHHA PO3MIPHOCTI, TAKMX AK aHaNi3 roI0OBHUX KOMMNOHEHT, t-po3nogineHe BKNAAEHHA
CTOXaCTUYHOI 6/1M3bKOCTi | pIBHOMIPHY anpoKCcUMMaLito Ta NpPoeKLito pis3HoMaHITTA. Micns yboro 6yno HaBYUEHO HU3KY Knacuodi-
KaTtopiB: k-Hali6AMKUMX cycigiB, NOriCTUUHY perpecito, MalMHU ONOPHUX BEKTOPIB, AEPEBO pilleHb, BUNAAKOBUIA Nic i rpagieH-
THe niacuneHHs. 3 BUKOPUCTAHHAM AaHuX Big, 70 nauieHTiB 3 6a3u gaHux Apnea-ECG (nnatdpopma Physionet) gocarHyra Tou-
Hictb 100% B ycix KnacudikaTtopax i meToAi 3MmeHLWeHHA PO3MiPHOCTi HA OCHOBI PIBHOMIPHOT anpoKcMMaLii Ta NpoeKLii pi3Ho-
MaHiTTa. OcobamBicTIO 3aNpPONOHOBAHOrO NiAXOAY € 3acTOCYBaHHA MALUMHHOIO HaBYaHHA A0 napametpis BPC nicna smex-
LWEHHA X PO3MIPHOCTI, W0 MoXe 6yTh BUKOPMCTAHO B peasibHUX ymoBax AnA suasaeHHA COAC.

Knro4oei cnoea: anHoe; MawuHHe Ha8YAHHA; KAdcugikayis; 3meHweHHa po3mipHocmi; 03HaKu; biocuzHanu.

L8E€L67 BIW SSYY-£7ST/SESOTOT :10d

<) O
@ﬁ 2024 CamcoHeHko A. C., [Tonnos A. O.


http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.20535/2523-4455.mea.297387
https://doi.org/10.3390/healthcare9070914
https://doi.org/10.1109/CIC.2000.898505
https://physionet.org/content/wfdb-python/4.1.0/
https://physionet.org/content/wfdb-python/4.1.0/
http://jmlr.org/papers/v12/pedregosa11a.html
https://orcid.org/0009-0006-3437-5144
https://orcid.org/0000-0002-1194-4424
https://ror.org/00syn5v21

	Determination of Signs of Sleep Apnea  Using Machine Learning Methods  in Combination with Reducing  the Dimensionality  of Heart Rate Variability Features
	I. Introduction
	I. Materials and methods
	A. ECG measurement and pre-processing
	B.  Heart rate variability parameters
	C. Machine learning models for HRV analysis

	II. Results
	Conclusions
	References


	Визначення ознак апное сну  за допомогою методів машинного навчання  в поєднанні зі зменшенням розмірності  ознак варіабельності серцевого ритму

