
  

 

Abstract— In congestive heart failure (CHF), dilated 

cardiomyopathy (DCM) and ischemic cardiomyopathy (ICM) 

are two highly related pathologies that are not fully 

characterized. The aim of this study is to assess respiratory 

sinus arrhythmia (RSA) index of the parasympathetic system, 

in order to discriminate between both pathologies, DCM and 

ICM. For this, ECG-signals of 49 subjects (12 DCM patients, 21 

ICM patients, 6 ICM patients with diabetes mellitus (DM) type 

II and 10 control subjects) from the database HERIS II and of 

173 subjects (50 DCM, 50 ICM, 15 DCM with DM type II, 15 

ICM with DM type II and 47 control subjects) from the 

database MUSIC2 were analyzed. The RSA was quantified 

using linear and non-linear analysis methods (fractal dimension 

and entropy). The results showed a significant difference 

between ICM and DCM subjects (p=0.013) with a sensitivity of 

83% and specificity of 90%. Decreasing RSA values were 

present in CHF patients, especially in ICM patients, in 

comparison with healthy subjects. Alterations in the 

parasympathetic system due to DM were also identified. 

 

I. INTRODUCTION 

Congestive heart failure (CHF) is a growing epidemic in 
Western countries with increasing incidence and prevalence. 
Dilated cardiomyopathy (DCM) has an incidence near to 
20/10.000 new cases per annum and is responsible for almost 
10.000 deaths every year in the United States [1,2]. Ischemic 
Cardiomyopathy (ICM) is the number one cause of death in 
men and the third most frequent cause of death in women. In 
presence of diabetes mellitus (DM), cardiovascular morbidity 
and mortality are increased in CHF patients compared with 
CHF patients without DM [3,4]. 
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In recent years, a higher association between CHF, DM 
and cardiac vagal tone has been found [5]. In addition, an 
increase in cardiac mortality due to an autonomic dysfunction 
related to cardiomyopathies was reported. Therefore, the 
cardiac vagal tone index, known as respiratory sinus 
arrhythmia (RSA), has been proposed as a parameter able to 
discriminate within CHF pathologies and risk levels [6].  

RSA is a rhythmic fluctuation in the heart periods in the 
respiratory frequency, characterized by a shortening and 
lengthening of heart periods in phase relationship with 
inspiration and expirations. It is also a typical index of vagal 
control of the heart (parasympathetic effect) [6]. RSA can be 
quantified using the spectral analysis of the heart rate 
variability (HRV), where the high frequency component is 
related to the parasympathetic activity, and the low frequency 
is mainly related to sympathetic activity [7,8]. In this study, 
the main objective is the characterization of the vagal tone 
index using linear techniques based on the estimation of the 
mean and the standard deviation of the RSA and non-linear 
techniques such as fractal analysis by means of Higuchi 
Dimension, and Shannon Entropy technique. Additionally, it 
will be analyzed whether indices quantifying the RSA are 
suitable to distinguish between DCM and ICM pathologies.  

 

II. MATERIAL AND METHODS 

A. Datasets 

In this study, two datasets (HERISII and MUSIC2) with 
CHF patients suffering from dilated cardiomyopathy (DCM) 
or ischemic cardiomyopathy (ICM), with and without 
diabetes mellitus (DM) type II were studied. Additionally, 57 
control subjects were investigated as a reference group. 

HERISII database contains high resolution ECG signals 
of cardiomyopathy patients recorded at the Santa Creu i Sant 
Pau Hospital in Barcelona, Spain. 30-minute resting (quite 
room, supine position, daytime) ECG recordings were 
acquired using a sampling frequency of 1600 Hz [9]. From 
the database, 49 age-matched male subjects (12 DCM 
patients, 22 ICM patients, 6 ICM patients with DM, and 10 
control subjects), who fulfill the inclusion criteria, were 
selected for the RSA analyses. Due to the low number of 
enrolled women in the HERISII database, they were excluded 
from this study. Table I shows the summary of this database.  

MUSIC2 database (Sudden Death in Heart Failure) 
contains 24-hour Holter ECGs recorded in several hospitals 
in Spain (200 Hz sampling frequency) [10]. From this 
database, an amount of 173 age-matched subjects (age was 
comparable to the chosen HERIS subjects) were studied (50 
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DCM, 50 ICM, 15 ICM plus DM type II, 15 DCM plus DM 
type II and 47 control subjects). Table II presents the 
summary of this database. 

TABLE I.  HERIS II DATABASE SUMMARY 

 
DCM ICM ICM+DM 

N 12 21 6 

Age (years) 62,22±10,12 64,23± 9,60 64,43± 9,59 

BMI (kg/m2) 28,10± 4,97 27,97± 4,99 27,95± 4,65 

LVDD (mm) 61,40± 6,84 61,40± 6,76 61,30± 7,12 

 

TABLE II.  MUSIC2 DATABASE SUMMARY 

 DCM ICM DCM+DM ICM+DM 

N 50 50 15 15 

Age (years) 59,8±9,7 60,2±9,4 66,4± 10,2 66,1± 8,1 

BMI (kg/m2) 27,6±4,8 28,5±4,5 29,0±3,9 30,2±5,7 

LVDD (mm) 66,4±10,2 61,2±7,6 65,4±7,1 61,7±4,4 

Female 

N 20 20 5 5 

Age (years) 60,1±9,1 59,5±10,2 70,8±4,8 70,6±4,8 

BMI (kg/m2) 26,0±3,2 27,9±4,0 28,4±3,3 30,6±6,4 

LVDD (mm) 63,7±9,1 60,0±6,2 71,4±8,0 63,2±3,8 

Male 

N 30 30 10 10 

Age (years) 60,7±9,0 61,8±8,7 61,9±11,4 61,6±11,4 

BMI (kg/m2) 28,6±5,3 28,9±4,7 29,3±4,1 30,1±5,3 

LVDD (mm) 68,1±10,4 62,0±8,4 62,4±5,1 61,0±4,9 

 

B. Estimation of Respiratory Sinus Arrhythmia 

From each ECG record, a time series consisting on 
successive beat-to-beat (RR) intervals, the so-called 
tachogram, was automatically extracted using in-house 
software, based on threshold-based algorithms. Using an 
adaptive filtering algorithm, ventricular premature beats and 
artefacts were automatically detected and replaced by 
interpolated “normal” beats. After this, each tachogram was 
manually sighted for correctness in relation to the original 
ECG. Tachograms with ectopic beats and artefacts whose 
percentage was higher than 5% related to the total number of 
heartbeats have already been excluded in the run-up to this 
study. Due to different signal durations in both databases 
(HERIS: 30-min tachograms, MUSIC2: 24-hour 
tachograms), an in-house software algorithm searching for 
and saving the 30-min most stationary phase within each 
tachogram, which come closest to the tachograms extracted 
from the resting ECG recordings in HERIS, was applied on 
the MUSIC2 tachograms. Afterwards, on basis of the pre-
processed 30-min tachograms several RSA indices were 
estimated. 

 RSA extraction of the spontaneous respiratory band 

To get equidistant time series, the tachograms were linear 
interpolated using 2 Hz as sampling frequency. After this, the 
tachograms were detrended to remove periodic and aperiodic 
cardiac variations unrelated to respiration from the 
tachograms. A moving polynomial filter (MPF) of 21 points 
and order 3 was used to filter the signals, obtaining a 
template [11]. This template was extracted from the original 
signal to obtain a mean-zero residual series. This residual 
series was then, filtered by Chebychev Type II pass-band 
filter using respiratory band frequencies (0.12 – 0.4 Hz). 

Finally, the signal was analyzed considering segments of 30 
seconds without overlapping [12]. 

 RSA estimation by Porges equation 

To estimate the RSAML (RSA mean-log) index the average 
of each 30-s segment was performed, to minimize the impact 
of any distortion. The RSA value represents the vagal tone 
which affects the regulation of the heart and it is modulated 
by the respiration [13]. Then, the natural logarithm was 
determined to reduce distribution disorder. The RSALM 
(RSA log-mean) index was inversing the process, applying in 
first term the logarithm transforms and then estimating the 
average for each 30-s segment, given by 

𝑅𝑆𝐴𝐿𝑀 =  log (𝑚𝑒𝑎𝑛 (𝑅𝑅𝑒𝑝𝑜𝑐ℎ
2 ))                   (1) 

According to Porges [13], RSApsd was estimated using 
spectral analysis. The sum of the variances associated with 
the frequency band of spontaneous respiratory was desired. 
This sum was calculated with spectral analysis by summing 
the spectral densities associated. 

 Non-linear estimators 

The Higuchi Dimension (HD) is able to estimate the 
fractal dimension from a given time series using the 
parameter D, which allows the classification of the series 
according to their fractal characteristics. In severe 
cardiovascular events, like arrhythmias or heart attacks, a 
reduction in the fractal complexity results in a good predictor 
of mortality. The Higuchi algorithm follows the steps 
[14,15]: 

The original time series is defined by 

X(1), X(2), X(3),…, X(N)  ,                      (2) 

new time series are constructed by 𝑋𝑘
𝑚, being k the interval 

time (m = 1,2,, k) and m the initial time.  [•] represents the 
Gauss notation. 

𝑋𝑘
𝑚; 𝑋(𝑚), 𝑋(𝑚 + 𝑘), 𝑋(𝑚 + 2𝑘), ⋯ , 𝑋 (𝑚 +  

𝑁−𝑚

𝑘
  𝑘)      (3) 

 
For each new time series is estimate the length of the 

curve by 

𝐿𝑚(𝑘) =
1

𝑘
 (∑ (𝑋(𝑚 + 𝑖𝑘) − 𝑋(𝑚 + (𝑖 − 1)𝑘))

[
𝑁−𝑚

𝑘
]

𝑖=1
) (

𝑁−1

[
𝑁−𝑚

𝑘
]𝑘

 )       (4) 
 

where  
𝑁−1

[
𝑁−𝑚

𝑘
]𝑘

  is a normalization factor. 

Higuchi method takes the average of L(k) considering the 
follow power law 

𝐿(𝑘) ∞ 𝑘−𝐷                                       (5) 

Finally, L(k) is plotted against 1/k (double logarithmic 

scale), with k = 1, 2, , Kmax. Kmax is a parameter to 
optimize. The fractal dimension is defined as the slope of 
straight line in the plot. HD is estimated for each 30-s 
segment of signal [17]. 

Shannon entropy (SE) is extracted considering the 
probability of occurrence of an event, describe the level of 
disorder energy of the system. According to literature, 



  

systems that describe diseases present lowest values of 
entropy indicating a reduction of the complexity activity, in 
comparison with healthy systems. The probability is 
calculated trough 

𝑃(𝑋) =
 ℎ𝑖𝑠𝑡𝑜𝑔𝑟𝑎𝑚(𝑋,𝑁𝑏𝑖𝑛𝑠)

𝑁
                               (6) 

where X is the values of the vector with length N, Nbins is the 
number of bins estimated by Sturges criteria [18] defined by 

𝑁𝑏𝑖𝑛𝑠 = 1 + 3.32 ∗ log(𝑋).                            (7) 
 

Finally, SE is calculated by (with 6 as number of bins) 

𝑆𝐸(𝑋) =  ∑ 𝑝(𝑥𝑖) log 𝑝(𝑥𝑖)𝑥𝑖 ∈  ∅                   (8) 
 

where X represents the random variable with set of values ∅ 
and probability function p (xi ). 

Differences between groups are tested by the Mann–Whitney 
U test and a p-value < 0.05 was considered statistically 
significant. The quality of the results is analyzed using ROC 
curve (receiver operator characteristic), in terms of accuracy 
(Acc), sensitivity (Sn) and Specificity (Sp). 

 

III. RESULTS 

Figure 1 shows the different RSA indices extracted from 
a patient. Figure 2 presents HD and SE from the same 
patient. 

 

Figure 1.  RSA extracted from a patient whit the Porges Algorithm: Upper 

subplot) RSAML; Middle Subplot) RSALM; Lower subplot) RSApsd 

 

RSAML presented statistical significance difference 
when comparing DCM vs ICM in HERISII database  
(p = 0.013). This significance was correlated with the one 
obtained in MUSIC2 comparing these group in men  
(p = 0.048).  Moreover, MUSIC2 presented significance  
(p = 0.04) also using RSALM. These significances could be 
understood as the presence of a different influence of the 
pathology in the RSA value in men. Using ROC discriminant 
analysis AUC (area under the curve) =84.4 % with a 
Sn=83.3% and Sp=90% were obtained in HERISII when 
DCM-ICM were compared. 

 

Figure 2.   HD (upper) and SE (lower) of each RRepoch from the PH001 

(DCM) 

The presence of DM in the pathologies (DCM and ICM) 
resulted in a higher significant difference when both CHF 
pathologies were compared using RSAML (p = 0.009) in 
MUSIC2. RSALM and RSApsd showed also a higher 
significance (p = 0.01, p = 0.021, respectively). 

Non-linear indexes were useful to discriminate illness 
patients from healthy subjects. Using HERIS II, significance 
of 0.006 have been found when matching ICM vs healthy 
subjects using HD index (Figure 3). It was also noticeable the 
decrease in the RSA values (RSAML, RSALM and RSApsd) 
comparing patients with healthy ones.  MUSIC2 presented 
better results comparing DCM vs Healthy and ICM vs 
Healthy (Figure 4).  

 

 
 

Figure 3.   Comparison of HD in HERIS II between Groups. *p<0.05, 

**p<0.01 

 

Figure 4.   Box Plot HD in the different groups in MUSIC2 mixed group. 

**p<0.05, ***p<0.1e-10 



  

Matching DCM vs healthy it was obtained significance in 
both non-lineal indices (HD p = 5.41e-15, SE p=4.40e-05), as 
well as, matching ICM vs Healthy (HD p=2.94e-14, SE 
p=4.82e-05). Table III present the results obtained with the 
best indices. 

TABLE III.  AREA UNDER THE CURVE (AUC), SENSITIVITY (SN) AND 

SPECIFICITY (SP), AND P-VALUE OBTAINED WITH THE BEST PARAMETERS 

FOR EACH CLASSIFICATION 

 Index p-value AUC Sn Sp 

DCM vs ICM RSAML 0.013 86.4 86.3 90.0 

DCMDM vs ICMDM RSAML 0.009 77.8 66.7 80.0 

DCM vs Healthy HD, SE 1.12e-09 86.6 88.0 85.1 

ICM vs Healthy HD, SE 3.64e-10 89.7 92.0 87.2 

DCMDM vs Healthy HD, SE 2.50e-03 86.7 86.7 86.7 

ICMDM vs Healthy HD, SE 1.57e-04 96.7 100.0 93.3 

 
 

IV. DISCUSSION 

In some case, decreased RSA values were present in CHF 
patients compared with healthy subjects. This decrease was 
higher in patients suffering from ICM than in DCM patients. 
The suggested main event that differs between ICM and 
DCM was the activation of the myocyte apoptosis due to 
ischemia. While a myocyte necrosis because of the sustained 
reduction in the coronary blood flow is caused by an 
ischemic; in DCM, there is a collagen accumulation and a 
fibrosis in the no infracted myocardium that is remodeling 
the ventricle but not destroying it. Furthermore, greater levels 
of plasma noradrenaline have been reported comparing ICM 
against DCM, suggesting that peripheral sympathetic 
activation may be different and thus parasympathetic 
activation. Consequently, ICM seemed to present a higher 
risk in terms of parasympathetic dysfunction. 

RSA values showed a decrease in presence of diabetes; 
however, no statistical significance was found between DCM 
with and without DM. Even in ICM patients, whose RSA 
decrease in presence of DM was higher, did not present 
significance. DM type II is associated with a heightened 
sympathetic tone and a decreased vagal tone. 

 

V. CONCLUSION 

RSA indices were used to estimate the parasympathetic 

dysfunction, by the vagal tone, in patients with DCM or 

ICM. This index demonstrated to be useful in the 

discrimination between pathologies and to asses a risk 

increase.  ICM patients seemed to show a greater decrease in 

RSA values. The presence of diabetes mellitus type II helped 

to discriminate between groups and also seemed to be a risk 

factor in terms of autonomic dysfunction.  

Non-linear techniques assessed by HD and SE showed to 

be useful to discriminate between patients and healthy 

subjects when they were studied on the RSA information 

from the tachogram. However, further studies are necessary 

to refute these conclusions.  

ACKNOWLEDGMENT 

We gratefully acknowledge the cooperation from the 
Spanish hospitals’ cardiological departments participating in 

the MUSIC [10] and the HERISII [9] studies.  

REFERENCES 

[1] A. Voss, R. Schroeder, S. Truebner, M. Goernig, H. R. Figulla, and 

A. Schirdewan, "Comparison of nonlinear methods symbolic 

dynamics, detrended fluctuation, and Poincare plot analysis in risk 

stratification in patients with dilated cardiomyopathy," Chaos, vol. 

17, p. 015120, Mar 2007. 

[2] S. B. Mohan, M. Parker, M. Wehbi, and P. Douglass, "Idiopathic 

dilated cardiomyopathy: A common but mystifying cause of heart 

failure," Cleveland Clinic Journal of Medicine, vol. 69, pp. 481-487, 

2002.  

[3] Y. Gang, J. H. Goldman, P. J. Keeling, M. Reardon, W. J. McKenna, 

and M. Malik, "Heart rate variability in idiopathic cardiomiopathy: 

relation to disease severity and prognosis," Heart, vol. 77, pp. 108-

1014, 1997.  

[4] C. M. Masi, L. C. Hawkley, E. M. Rickett, and J. T. Cacioppo, 

"Respiratory sinus arrhythmia and diseases of aging: obesity, 

diabetes mellitus and hypertension.," Biol Psychol., vol. 74, pp. 212-

223, 2007.  

[5] P. Grossman and E. W. Taylor, “Toward understanding respiratory 

sinus arrhythmia: Relations to cardiac vagal tone, evolution and 

biobehavioral functions,” Biol. Psychol., vol. 74, no. 2, pp. 263–285, 

Feb. 2007.  

[6] S. Laborde, E. Mosley and JF Thayer (2017) Heart Rate Variability 

and Cardiac Vagal Tone in Psychophysiological Research – 

Recommendations for Experiment Planning, Data Analysis, and Data 

Reporting. Front. Psychol. 8:213. doi: 10.3389/fpsyg.2017.00213.  

[7] D. B. Keenan and P. Grossman, "Adaptative filtering of heart rate 

signals for an improved measure of cardiac autonomic control," 

International journal of signal processing vol. 2, pp. 52-58, 2005.  

[8] P. Grossman, J. Van Beek, and C. Wientjes, "A comparison of three 

quantification methods for estimation of Respiratory Sinus 

Arrhythmia," Psychophysiology, vol. 27, pp. 702-713, 1990.  

[9] A. Arcentales, P. Rivera, P. Caminal, A. Voss, A- Bayés-Genís, B.F. 

Giraldo, (2016). “Analysis of Blood Pressure Signal in Patients with 

different Ventricular Ejection Fraction using Linear and Non-linear 

Methods”, 38th Annual International Conference of the IEEE 

Engineering in Medicine and Biology Society (IEEE EMBC). pp. 

2700-2703. ISBN: 978-1-4577-0220-4/16.  

[10] Voss A, Schroeder R, Vallverdú M, et al. Short-term vs. long-term 

heart rate variability in ischemic cardiomyopathy risk stratification. 

Frontiers in Physiology. 2013; 4:364. doi:10.3389/fphys.2013.00364.  

[11] S. W. Porges, "Method and apparatus for evaluating rhythmic 

oscillations in aperiodic physiological response systems," ed: Google 

Patents, 1985.  

[12] P. Grossman, J. Van Beek, and C. Wientjes, "A comparison of three 

quantification methods for estimation of Respiratory Sinus 

Arrhythmia," Psychophysiology, vol. 27, pp. 702-713, 1990.  

[13] S. W. Porges, J. A. Doussard-Roosevelt, C. A. Stifter, B. D. 

McClenny, and T. C. Riniolo, "Sleep state and vagal regulation of 

heart period patterns in the human newborn: an extension of the 

polyvagal theory. ," Psychphysiology, vol. 36, pp. 14-21, 1999.  

[14] T. Higuchi, "Approach to an irregular time series on the basis of the 

fractal theory. ," Physica vol. 31, pp. 277-283, 1988.  

[15] F. Cervantes-De la Torre, J. I. González-Trejo, C. A. Real-Ramírez, 

and L. F. Hoyos-Reyes, "Fractal dimension algorithms and their 

application to time series associated with natural phenomena," Journal 

of Physics: Conference Series, vol. 475, p. 012002, 2013. 

[16] M. Pierychlski, "Application of Higuchi Fractal Dimension in 

Analysis of heart rate variability with artificial and natural noise," 

Recent Advances in Systems Science, pp. 79-82. 

[17] Gomes, Rayana L., Vanderlei, Luiz Carlos M., Garner, David M., 

Vanderlei, Franciele M., & Valenti, Vitor E.. (2017). Higuchi Fractal 

Analysis of Heart Rate Variability is Sensitive during Recovery from 

Exercise in Physically Active Men. MedicalExpress, 4(3), M170302 

[18] H. A. Sturges, "The choice of a class interval," Journal of the 

American Stadistics Association, vol. 21, pp. 65-66, 1926. 

 


