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Abstract:  The standard parameter of heart rate variability 
(HRV) requires weak stationarity. We perform a nonpar-
ametric segmentation to HRV data of congestive heart 
failure patients as well as young and elderly healthy sub-
jects where the signal is split into stationary epochs. By 
finding stationary segments we are able to quantify the 
nonstationarity by means of statistical values of segment 
length and jump size. We found high correlations between 
the measures of nonstationarity and standard values of 
HRV and a connection to results of detrended fluctuation 
analysis. The segmentation applied to heart rate time 
series detects aging and pathological conditions effects 
on the nonstationary behaviour of the analyzed groups, 
promising to contribute in complexity analysis and 
providing risk stratification measures. 
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Introduction 
It has been a long time since studies on heart rate variabil-
ity (HRV) have become as popular as the many devices 
available to record the cardiac activity [1]. As reported in 
literature, several diseases, as myocardial infarction, and 
diabetic neuropathy, point to a connection between 
healthiness and heart rate complexity. Also, the effects of 
aging are known to present higher HRV in younger indi-
viduals, compared to elderly ones [1]. As a standard tool 
of HRV analysis, the spectral analysis relies on the as-
sumption of weak stationarity, where the mean value is 
constant and the covariance is only dependent on a time 
shift, but even in controlled environments, it is questiona-
ble whether the efficiency of such control ensures these 
conditions. The idea of the segmentation applied to time 
series is to provide patches of the signal where stationari-
ty is verified. Instead of testing only the difference for the 
mean [2], we perform a nonparametric segmentation [3], 
taking into account the whole distribution, with all mo-
ments, especially mean and variance. We also use the 
known amplitude-frequency coupling of the dominant 
short-term oscillation [4], the respiratory sinus-
arrhythmia, which connects the changes in the variance 
with the time-dependent covariance, implying nonstation-
arity. 
 

Methods 
For analysis, we consider 24 hours measurements of the 
electrocardiogram of three groups consisting of 15 young 
(YH; 11 females, 4 males, age 31±6 years) and 18 elderly 
subjects (EH; 11 males, 7 females, age 50±7 years), and 
15 patients suffering from congestive heart failure (CHF; 
11 males, 4 females, age 56±11 years) [5,6]. The series of 
time intervals between consecutive heart beats, the beat-
to-beat intervals, are extracted from the electrocardio-
grams. All resultant signals were filtered in order to avoid 
ectopic beats [7]. 
After that these time series are segmented as follows: 
given a segment of a time series, a sliding pointer is 
moved in order to compare the two fragments, on the left 
(L) and the right (R) side of the pointer i. Then one selects 
the position imax that maximizes the normalized Kolmogo-
rov-Smirnov (KS) statistics:  

( ) 2/1/1/1 −+= RLKSi nnDD  (1) 
where DKS is the distance between the cumulative distri-
butions of the samples in the left and the right fragment. 
After determining the position imax, one checks the statis-
tical significance (at a chosen significance level α=0.05) 
of a potentially relevant cut at imax by comparison with the 
result that would be obtained for a random sequence. The 
critical value is given by  

c
crit bnanD )(ln)(max −=   (2) 

where (a, b, c) is (1.52, 1.80, 0.14) in our case. The poten-
tial cut ticks the first stage if Dmax exceeds its critical 
value for the selected significance level. If each resulting 
segment is greater than a defined minimum L0, then the 
pointer is set and the procedure is recursively applied 
starting from the left patches until no patch is segmented. 
See Ref.[3] for further details. We performed the KS-
segmentation with L0=30 sample points in correspond-
ence to the defined higher edge frequency of the very low 
frequency (VLF) band of heart rate with 0.03 Hz [1] 
providing at least a half period of this frequency in each 
segment. 
 
Results 
 
To quantify the nonstationarity, we obtain statistical val-
ues of the segmentation, which include not only segment 
length and jump size but also more sophisticated ones like 
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the number of segments greater than 300, L>300, and %μ50 
(Fig. 1). L>300 corresponds to approximately 5 min, the 
shortest required segment length of HRV analysis and 
%μ50 reflects the percentage of differences of the mean of 
two consecutive segments |μi+1- μi|>50ms in an analogy to 
the standard HRV measure pNN50, the percentage of 
consecutive RR intervals differing by more than 50ms [1]. 

 
Figure 1: L>300 and %μ50 in the three groups 

 

 
Figure 2 Mean variance of the segments of given seg-
ments length. The scaling exponents are indicated by 

solid lines (CHF:0.6, EH:0.4, and YH:0.2). 

We found high positive correlations of about 0.9 between 
%μ50 and the overall standard deviation as well as a 
negative correlation around 0.8 between L>300 and the 
normalized very low frequency power, VLF/P, linking the 
segmentation outcomes to standard measures. 
In order to understand the scaling behaviour of the ex-
tracted trends in the time series, we compute the mean 
variance of the segments given a segment length (Fig. 2) 
which indicates a power function.  
 
Discussion 
In this paper we present the analysis of nonstationarities 
in heart rate by means of a nonparametric segmentation 
algorithm, being able to display differences between CHF 
and age-matched EH, as well as CHF and YH (Fig. 1). 
Also, differences between YH and EH can be detected, 
showing the aging effect in the loss of complexity of the 
heart rate (Fig.1).  

The high positive correlation between %μ50 and sdNN 
shows that the latter one is dominated by the large jumps. 
A negative correlation between L>300 and VLF/P could 
reflects the reduction of longer segments by means of 
respiratory disorders which are prevalent in 30% to 50% 
of patients with CHF.  
It is worth to mention here the similarity of Fig. 2 with 
plots given by detrended fluctuation analysis (DFA) [8]. 
In comparison to these results scaling exponent 0.6 in 
CHF indicates that random walk fluctuations dominate 
the dynamics of this group. For the EH and YH groups, 
the both exponents, 0.4 and 0.2, indicate power law corre-
lations associated to the interchange of large and small 
RR intervals. 
Through the outcomes of segmentation we have access to 
time characteristics of the signal that were no longer 
available, making possible a different approach to quanti-
fy nonstationarities in HRV analysis. Results are in 
agreement with previous knowledge and do not require 
arbitrary thresholds or excludes fragments of the time 
series. The individual risk stratification ability of this 
method relies in further applications to cardiological data 
bases. 
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