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Abstract 

We present in this paper a preliminary study for 
detecting early pattern of Cheyne-Stokes Breathing using 
a single electrocardiogram signal in patients with severe 
heart failure. Two ECG-derived respiration signals, 
namely Heart-Rate and R-Wave Amplitude, are computed 
and jointly used to estimate different respiratory events, 
respiratory rate and amplitude modulation. Three patients 
whose respiration goes from normal to severe CSB are 
used to test our method. Results show good performance 
for the detection of breathing cycles compared with the 
ventilation signal and the final classification based on 
respiratory events, AHI, amplitude modulation reveals 
exact correlation with the expert.  

 
1. Introduction 

Cheyne-Stokes Breathing (CSB) is a type of sleep-
disordered respiration characterized by a crescendo-
decrescendo pattern of ventilation, alternating 
hyperventilation and central hypopneas/apneas. CSB is 
mainly prevalent in patients with severe heart failure 
(ventricular ejection fraction less than 30%) and can be 
associated with a worse prognosis [1,2]. Overnight multi-
channel polysomnography is commonly used for diagnosis 
[3] and for the identification of patients with periodic 
breathing preceding CSB. Unfortunately, this is a labor-
intensive and expensive method. 

To get around polysomnography, several portable 
systems have been developed in the last 20 years like single 
lead photoplethysmograph (PPG) [4], oximetry [5] or 
simple respiratory recording [6]. Continuous 
electrocardiogram (ECG) signals have also been used to 
extract respiratory signal [7] and to detect sleep apneas [8] 
and hypopneas [9]. The construction of such ECG-Derived 
Respiration (EDR) relies on the change of distance 
between ECG electrodes and the heart during respiration. 
It creates a modulation in the QRS morphology and a 

respiration signal can be extracted using R-Wave 
Amplitude (RWA). Also, respiration has an impact on 
Heart Rate (HR) as the sinus node is excited by the 
autonomic nervous system which increases during 
inhalation and decreases during exhalation [10]. Therefore, 
a respiratory signal can be extracted from the HR signal. 

Our objective is to develop a new method to detect early 
stages of CSB based on a single electrocardiogram signal 
and to demonstrate the proof of concept on three patients. 
The proposed approach uses temporal [11] and frequential 
features extracted from two EDRs (HR and RWA), a 
classification of epochs and a pre-diagnostic decision are 
then computed. 

 
2. Methodology 

1. Patients 
 
The study involves three patients, all presenting heart 

failure with low ejection fraction (EF<30%). They present 
different type of breathing: patient n°1 (age 59 y.o. with a 
Body Mass Index of 30.2 kg/m² and an EF of 25%) has a 
normal respiration and exhibits no respiratory pathology, 
patient n°2 (age 61 y.o. with a BMI of 33.4 kg/m² and an 
EF of 25%) presents a periodic breathing likely preceding 
CSB and patient n°3 (age 80 y.o. with a BMI of 35.8 kg/m² 
and an EF of 28%) shows a severe Cheyne-Stokes 
respiration (CSB-CSA) with an apnea-hypopnea index of 
56/h (AHI). Diagnostic is established by a pulmonologist 
and written consent was obtained for all participants.  

 
2. Experiments 

 
Ventilation signal (𝑉"̇) was measured along with end-

tidal carbon dioxide (ETCO2) and oxygen (ETO2). 
Ambulatory electrocardiogram (ECG), oxygen saturation, 
thoracic belt respiration and blood pressure were also 
simultaneously recorded. Subjects were placed in supine 
position on a bed for about 30 minutes of recording. 



 
3. Diagnostic criteria for CSR 

 
Cheyne-Stokes respiration was defined by the presence 

of the classical pattern of waxing/waning in the tidal 
volume with central hypopneas/apneas. Central hypopnea 
was defined as a reduction of tidal volume of 30% along 
with a drop of 3% in oxygen saturation – if no flow 
limitation or obstructive apnea is observed. Central apnea 
was defined as a cessation of tidal volume for at least 10 
seconds without any respiratory efforts.  
 

4. EDR extraction 
 
ECG signal was firstly filtered to remove power line 

interference (50 Hz). R peaks are automatically detected 
using Non-Negative Matrix Factorization [12]. Two ECG-
Derived Respiration (EDR) signals are computed to extract 
respiratory signal from ECG. Heart-Rate (HR) is computed 
directly from the detection, whereas R-Wave Amplitude 
(RWA) requires the suppression of the baseline wander 
[13] through median filtering (200 ms). Both signals are 
evenly resampled with linear interpolation (Figure 1). 

 
5. Estimation of breathing cycles 

 
Change point analysis (CPA) is used to detect breath-

by-breath respiration from EDR.  If we consider the signal 
𝑥	 ∈ 	ℝ(, we assume that some statistical properties 
change abruptly at instants 𝑡*, … , 𝑡-, called change points. 
In CPA methods, the aim is to estimate the segmentation 
�̂� = {𝑡*1 , 𝑡21 ,… } through the minimization of a cost function  
𝐶 which represents the total residual error of the statistical 
estimate for each section. When the number of changes 𝐾 
is unknown, a penalty term is added to the residual error: 	
min
9
𝐶(𝑡) + 	𝛽𝐾 with 𝛽 > 0. In our case, a change point 

represents a peak or a trough of signal (inspiration and 

expiration) and the statistical properties used are slope and 
mean. Once all change points are detected, slope is 
computed for all sections and those lower than a threshold 
experimentally set to 10AB are discarded and considered as 
noise. Finally, only peaks whose section duration is greater 
than 1 second are conserved (biologic a priori, respiratory 
rate between 12 and 20 cycles per minute) (Figure 2).  

6. Classification of respiratory events 

 
A first temporal analysis of EDR signals is realized to 

extract respiratory metrics (Table 1). Apneas are detected 
as a cessation of respiratory peaks of more than 10 seconds. 
If apneas are detected, signal is fragmented in cycles (from 
the end of an apnea to the end of the following) and several 
features are computed: cycle length (CL), apnea length 
(AL) and ventilation length (VL) (Figure 2). A first score 
𝑆9 is attributed to each segment according to its features, 
corresponding to its characterization for CSB (Table 1).  

 
Score 𝑆9 Particularity 

3 Very likely CSB pattern 
2 Potential CSB pattern 
1 Very unlikely CSB pattern 

 
Table 1. Temporal score 𝑆9, computed as the number of following 
assessments true (*) 30 < 𝐶𝐿 < 120, (**) 10 < 𝐴𝐿 < 40 and 
(***) 20 < 𝑉𝐿 < 80. 

 

Then, a frequential analysis of both EDR signals is 
performed. Signals are divided into epochs of 2 minutes 
and Fast Fourier Transform is applied to find its main peak 
frequency 𝑓L. A second score 𝑆M is set to 3 if 𝑓L is in the 
typical pathological interval of CSB for both signals 

Figure 1. ECG-Derived Respiration construction for the patient 
n°3 exhibiting a severe Cheyne-Stokes breathing (a) original 
ECG (lead V3) with peaks annotated (b) Heart-Rate signal (c) 
R-Wave Amplitude signal.  
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Figure 2. ECG-Derived Respiration for the patient n°3 (severe 
CSB) (a) Ventilation signal with duration n°1 corresponding to 
Ventilation Length (VL), n°2 to Apnea Length (AL) and n°3 to 
Cycle Length (CL) (b) Heart-Rate signal with expiration 
annotated.  
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(between 0.008Hz and 0.03Hz, for a cycle length from 30 
seconds to 2 minutes) and 2 for only one signal out of the 
both. For each segment, FFT of the derivative of the signal 
is also computed to distinguish CSB and obstructive 
pattern (crescendo/decrescendo of CSB is assimilated to a 
sine wave and obstructive event to a square signal). Main 
peak frequency and its potential harmonics are detected. If 
the amplitude ratio between the main peak and its first 
detected harmonic is more than 1/3, the segment is 
considered to be an obstructive event and its score is set to 
1. Finally, if no pattern is detected, the score is set to 0 
(Table 2).  

 
Score 𝑆M Particularity 

3 CSB pattern 
2 Potential CSB pattern 
1 Obstructive pattern 
0 Normal breathing 

 
Table 2. Frequential score 𝑆M, computed as follows: (3) HR and 
RWA main frequencies in the typical pathological interval of 
CSB, (2) one signal out of both in the typical pathological interval 
of CSB, (1) first harmonic amplitude significantly high to be an 
obstructive event and (0) no pattern detected. 
 

The frequential score concerns potential amplitude 
modulation in the ventilation whereas the temporal score 
informs on the presence of apneas and on the temporal 
characteristics of the cycles [11]. Jointly used, the scores 
can provide a classification (Table 3) for each segment 
between (1) normal breathing, (2) obstructive hypopneas, 
(3) obstructive apneas, (4) periodic breathing (CSB 
hypopneas) and (5) CSB apneas. A final decision leads to 
a pre-diagnostic using the number of events of each 
category. 

 

 Frequential score 
0 1 2 3 
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0 (1) (2) (4) (4) 
1 - (3) (5) (6) 
2 - (3) (5) (6) 
3 - (3) (5) (6) 

 
Table 3. Classification of epochs into respiratory events.  

 

3. Results 

Detection of breathing cycles in both EDR signals is 
compared to the respiration signal in Table 4. Our method 
achieves better results for RWA than HR in all cases except 
for the patient with severe CSB-CSA. For this patient, 
RWA detects more True Positives than HR but tends to 
over-detect respiration when the patient is in apnea. This 
phenomenon is highlighted in Table 5 where the results of 
the detection of apneas in EDR signals are listed. Clearly, 
HR over-performs RWA, as most of the False Positives of 
RWA are detected during apneas. Therefore, HR is 

privileged in the characterization of the temporal analysis.  
 

 CSB-CSA 
Patient n°1 

CSR 
Patient n°2 

Normal 
breathing 

Patient n°3 
 HR RWA HR RWA HR RWA 

TP 464 486 334 349 448 467 
FP 80 122 75 47 25 42 
FN 38 16 27 12 20 1 
Se 92.43 96.81 92.52 96.67 95.72 99.78 
Pr 85.29 79.93 81.66 88.13 94.71 91.74 

Acc 79.72 77.88 76.60 85.53 90.87 91.56 
Total 
Beats 502 361 468 

 
Table 4. Detection of breathing cycles in Heart-Rate and R-Wave 
Amplitude signals compared to ventilation signal. TP, FP and FN 
mean True Positives, False Positives and False Negatives 
respectively. Se, Pr and Acc correspond to Sensitivity, Precision 
and Accuracy respectively. 
 

 TP FP FN 
HR 25 0 2 
RA 7 0 20 

 
Table 5.  Detection of apneas in ECG-Derived Respiration for 
patient n°3 (severe CSB). 
 

The temporal score 𝑆9 is computed with features 
extracted from cycles between two apneas. For patient n°3, 
cycle length (CL) is estimated to 71.06 ± 44.02 seconds in 
HR signal (64.90 ± 5.04 seconds for respiratory signal), 
apnea length (AL) to 14.79 ± 2.42 seconds (29.24 ± 4.09 
seconds for respiratory signal) and ventilation length (VL) 
to 56.26 ± 43.42 seconds (35.66 ± 3.98 seconds for 
respiratory signal). CL is well estimated, but AL is under-
estimated while VL is over-estimated. This is due to a 
misdetection of breathing in presence of apnea, shortening 
its duration estimation. It leads to a correct scoring for the 
temporal analysis in 16 cases out of 26 (16 cycles are 
scored as 3, 2 cycles as 2 and 6 cycles as 1, when for the 
respiration signal, all cycles are scored as 3).  

To analyze the frequential score 𝑆M, the same analysis 
was run on the respiration signal with 3 levels (0 is for 
normal breathing, 1 is for obstructive pattern and 2 for CSB 
pattern). The frequential analysis of the HR signal shows 
high correlation with the respiration signal. For the patient 
n°1, all epochs are scored as 0 for both configurations 
(EDRs and ventilation). For the patient n°2, 10 epochs are 
scored as 2 (potential CSB pattern) for the EDRs while 12 
epochs are classified as CSB pattern. For the patient n°3, 
all epochs are scored as 3 (CSB pattern) for the EDRs and 
2 for respiratory signal (CSB pattern).  

Finally, pre-diagnostic shows exact correlation with the 
expert: patient n°1 is classified as normal breathing with 
no cycle detected and all epoch scored as 0, patient n°2 is 
classified as CSB pattern with no apnea detected and 10 



out of 16 epochs with potential CSR pattern and patient n°3 
is classified as CSB-CSA with 26 cycles detected with very 
likely CSB pattern and all epochs scored as CSB pattern.  

 

4. Conclusion 

A new computational method was developed to detect 
Cheyne-Stokes Breathing patterns via ECG-derived 
respiration in patients with severe heart failures. The proof 
of concept was demonstrated on three patients, all 
presenting heart failure with low ejection fraction but with 
different CSB status (no CSB, CSB and CSB-CSA). 
Results are promising and show the ability of the 
diagnostic method to detect early stages of CSB using a 
single electrocardiogram. The proposed method has now 
to be validated on a wider range of patients, but such a 
method could be employed as a powerful screening tool for 
early diagnosis and treatment of CSB in severe heart 
failure.  
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Figure 2. Results of scoring and classification for patient n°2  
(a) Ventilation with epochs of 2 minutes (b) Frequential score 𝑆M 
(c) Respiratory events detected by our method (see Table 3), 9 
epochs are classified as CSB hypopneas and 2 epochs as normal 
breathing, (d) Respiratory events detected by the expert on the 
ventilation signal, 9 epochs are classified as CSB hypopneas and 
2 epochs as normal breathing. 2 epochs are misclassified by our 
method. 
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