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Abstract—In this paper we investigated heart rate time se-
ries stored by implantable cardioverter defibrillators in order 
to the short-term forecast ventricular tachycardia (VT). Stan-
dard heart rate variability (HRV) parameters, compression 
based entropy functions, and HRV scaling characteristics 
(detrended fluctuation analysis, Higuchi’s fractal dimension) 
were analyzed in 29 VT time series and compared to individu-
ally acquired control time series. We found no differences in 
standard HRV parameters but significant changes in the en-
tropy function as well as in the scaling characteristics of HRV 
before the onset of VT. In conclusion, HRV analysis might 
provide markers for early detection of forthcoming VT. 
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I. INTRODUCTION 

Sudden cardiac death (SCD) is a major cause of mortality 
in the developed countries with an incidence of 3 million 
cases per year worldwide [1]. SCD is usually caused by a 
malignant tachyarrhythmia and implantable cardioverter 
defibrillators (ICDs) have been the most successful therapy 
in high risk patients [2]. Third generation ICDs are capable 
of storing the beat-to-beat intervals (BBIs) before VT, al-
lowing and an assessment of the autonomous nervous sys-
tem (ANS) before the onset of VT by means of heart rate 
variability (HRV). Since the ANS tone seems to have direct 
impact on the VT development we employ HRV several 
analysis techniques in order to forecast VT [3]. HRV analy-
sis has been demonstrated to be a potential risk predictor in 
patients after myocardial infarction and is widely performed 
linearly in the time or frequency domains, as specified by 
the Task Force of the European Society of Cardiology and 
the North-American Society of Pacing and Electrophysiol-
ogy [4]. Since numerous studies have pointed out the impor-
tance of complex HRV characteristics [5], we furthermore 
investigate the long-term correlations and the fractal dimen-
sion in heart rate time series by applying detrended fluctua-
tion analysis (DFA) [6] and Higuchi's fractal dimension 
algorithm (HFD), respectively, in this study [7]. In addition, 

we estimate the HRV entropy with a novel approach based 
on data compression. 

II. METHODS 

A. Data and preprocessing 

Fifty patients with severe congestive heart failure were 
enrolled at the Franz-Volhard-Hospital Berlin. No patient 
received a class I or III antiarrhythmic drug prior to the 
study. All patients had an implanted ICD (PCD 7220/ 7221 
Medtronic) capable of storing 1024 BBI before the onset of 
a VT with a resolution of 10 ms. HRV analysis of a VT time 
series is performed when there is fewer than 10 percent of 
ectopic beats/artifacts (N = 29). These results are then com-
pared to individually acquired and arbitrarily selected con-
trol time series (CON), without arrhythmic events that were 
stored just before a regular ICD follow-up examination 
(Fig. 1). Artifacts and ectopic beats were removed and in-
terpolated by an algorithm using local variance estimation. 

B. Higuchi’s fractal dimension 

To compute the fractal dimension of a graph, Higuchi [7] 
considers a finite set of observations X(j), j = 1, 2, ..., N 
taken at a regular interval k, and evaluates the length Lm(k) 
of the corresponding graph for different interval lengths k 
from sequence 

k
mX : X(m), X(m+k), X(m+2k), ..., 

X(m+
k

mN  ), where m = 1, 2, ..., k and 
k

mN  denotes 

the integer part of (N-m)/k. The length of the graph is calcu-
lated as: 
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If the behavior of the graph has fractal characteristics 
over the available range k, then L(k) ~ k-Df, where Df is the 
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fractal dimension and L(k) is the average value over k par-
tial lengths of the graph. For a straight line, Df = 1. For 
Brownian motion, Df = 1.5, and for Gaussian white noise, 
Df saturates at two. For time series with 1/f  power spectra, 
Df = (5- )/2. This relationship is valid for 1 <  < 3. Nu-
merical experiments have shown that time series with the 
same  can show different Df values, depending on the 
phase distribution [7]. 

C. Detrended Fluctuation Analysis 

The DFA has been developed to analyze long-range cor-
relations (long-memory dependence) in non-stationary data, 
where conventional fluctuation analyses such as power 
spectra and Hurst analysis cannot be reliably used [6]. The 
method works as follows: 

1. Compute the cumulative sum k
i

skskc
1

)()(  of 
the time series s, where s  is the mean of S (using the con-
cept of Random-Walk-Analysis). 

2. Compute the local trend )(kcn within boxes of 
varying sizes n (least square fit). 

3. Compute the root mean square of the detrended 
time series in dependency on box size n as 

N

k
n kckc

N
nF

1

2)()(1)( , where N denotes the size of S. 

4. Plot log10 F(n) against log10 n. 
If the data displays long-range dependence then F(n) ~ 

n , where  is the scaling exponent. For stationary data with 
scale-invariant temporal organization, the Fourier power 
spectrum S(f) is S(f) ~ f- , where the scaling exponent  is 
related to  in the following way:  = 2 -1. Values of 0 <  
< 0.5 are associated with anti-correlation (i.e. large and 
small values of the time series are likely to alternate). For 
Gaussian white noise  = 0.5. Values of 0.5 <    1 indi-
cate long-range power-law correlations (i.e. large values of 
the time series are likely to be followed by large values). 
Values 1 <    1.5 represent stronger long-range correla-
tions that are different from power-law, where  = 1.5 for 
Brownian motion. Scale-invariance in HRV has been com-
monly observed over a wide range with a characteristic 
break at segment sizes of 16 heart beats [6]. 

D. Compression based entropy estimation 

In the framework of algorithmic information theory, the 
entropy, also called Kolmogorov-Chaitin complexity or 
algorithmic complexity, of a given text is defined as the 
smallest algorithm that is able to generate the text. Although 
it is theoretically impossible to develop such an algorithm, 
data compressors might represent a sufficient approxima-

tion. We apply a modified version [8] of the LZ77 algo-
rithm for lossless data compression [9]. The algorithm is 
based on a sliding window technique, looking for, and en-
coding, matching sequences between the window and a look 
ahead buffer. If the length N of the text to be compressed is 
sufficiently large and the source is an ergodic process, the 
ratio of compressed text to original text length represents 
the ‘compression’ entropy Hc per symbol. In this study, the 
look ahead buffer size is set sufficiently high and the win-
dow size is varied between one and 100. The decay of the 
entropy function hc/dw, depending on the window size pro-
vides information about auto-dependence. 

E. Standard HRV analysis 

For standard HRV analysis of VT and CON time series 
we calculate a parameter set of time and frequency domain 
measures (Tab.1) according to the HRV Task Force [4]. The 
frequency domain analysis is performed with linear interpo-
lated time series of 500 ms resolution, using Fast Fourier 
Transform with Blackman-Harris windowing. 

Table 1  Standard HRV parameter definitions. 

Parameter Definition 
meanNN Mean of all normal NN intervals; in ms 
sdNN Standard deviation of all NN intervals; in ms 
rmssd RMS of successive NN interval differences; in ms 
VLF Power in the very low freq. band (0.003-0.04Hz); in ms² 
LF Power in the low freq.band (0.04-0.15 Hz); in ms² 
HF Power in the high freq. band (0.15-0.4 Hz); in ms² 
LFn Ratio of LF power to HF plus LF power 

F. Statistics 

To compare HRV parameters between CON and VT, we 
compute group means, standard deviations as well as Stu-
dent’s t-tests for paired data. Parameters were considered 
statistically significant, if p < 0.05. Further, linear correla-
tion coefficients are computed between HFD and DFA 
measures. 

III. RESULTS  

To assess the fractal characteristics of HRV we relate the 
well-known VLF, LF, and HF frequency bands of HRV to 
the scaling graph, computing three different scaling expo-
nents. For HFD, all three scaling exponents are significantly 
different from each other (ANOVA, p < 0.0001). For DFA, 
ANOVA shows nearly significant differences between the 
three scaling exponents (p = 0.06).  
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Table 2  Results of heart rate variability (HRV) analysis presented as 
means, standard deviations (SD) and paired Student’s t-test results (p). n.s. 

– not significant. Residuals were multiplied by 103 for clarity. 

parameter CON VT  
 mean SD mean SD p 

meanNN 769 142 709 154 0.06
sdNN 48 31 43 32 n.s. 
rmssd 20 18 16 13 n.s. 
VLF 204 307 252 533 n.s. 
LF 80 158 86 247 n.s. 
HF 29 77 14 24 n.s. 
LFn 0.71 0.15 0.68 0.20 n.s. 

HFfD  1.64 0.13 1.58 0.16 0.03

LFfD  1.77 0.13 1.70 0.18 0.04

VLFfD  1.83 0.21 1.85 0.31 n.s. 

HF
_ fDres  1.49 1.17 1.68 1.41 n.s. 

LF
_ fDres  0.34 0.14 0.36 0.18 n.s. 

VLF
_ fDres  0.23 0.13 0.26 0.21 n.s. 

HF 1.26 0.21 1.24 0.28 n.s. 
LF 1.19 0.20 1.28 0.22 0.009

VLF 1.11 0.19 1.19 0.35 n.s. 
res_ HF 3.00 1.22 3.00 1.30 n.s. 
res_ LF 1.16 0.35 1.18 0.46 n.s. 
res_ VLF 7.57 3.59 6.92 2.61 n.s. 
Hc/dw -0.078 0.023 -0.086 0.027 0.03

Hc 0.33 0.04 0.32 0.05 n.s. 

Post-hoc testing via Students’ t-test indicates significant 
differences (p = 0.03) between the LF and VLF exponents 
of DFA, only. To test whether the scale-invariance, i.e. the 
fractal relationship, is less pronounced before the onset of 
VT, we compute the residuals (in Tab. 1 termed with the 
prefix ‘res_’) of the VLF, LF, and HF regression lines for 
HFD and DFA and find significant differences neither in 
HFD nor in DFA scaling exponent residuals. The exponents 
obtained via HFD show significant changes in the HF and 
LF range, being both decreased before the onset of VT. The 
scaling exponents obtained via DFA show significant 
changes in the LF band, only, indicating an increased long-
term correlation before the onset of VT. Linear correlation 
coefficients between HFD and DFA are r = -0.34 for the HF 
range, r = -0.69 for the LF range, and r = -0.57 for the VLF 
range, respectively. 

Compression based HRV analysis shows a significantly 
steeper initial decay of the entropy function with increasing 
window size. For group comparison, we compute the aver-
age decay hc/dw for window length 1-3. The entropy Hc is 
computed over a range where the estimate becomes stable, 
i.e. over window size 90-100, and shows no changes before 
the onset of VT. 

Fig. 1 Higuchi’s fractal dimension analysis (top) and detrended fluctuation 
analysis (bottom) of one control heart rate time series. Black solid line – 
high frequency (HF) scaling range. Gray solid line – low frequency (LF) 

scaling range. Back dotted line – very low frequency (VLF) scaling range. 

None of the standard HRV parameters are significantly 
changed before the onset of VT. 

IV. DISCUSSION 

In this paper we analyze HRV before the onset of VT in 
order to derive markers for short-term forecasting. In accor-
dance with other studies, we find no significant changes in 
the standard HRV parameters [10]. 

HFD analysis reveals three different fractal components 
of HRV. With larger scales the fractal dimensions increase. 
Before the onset of VT, we find decreased fractal dimen-
sions, i.e. decreased roughness, in the HF and LF bands that 
might be understood as a general loss of short-term HRV. 

DFA also reveals distinct fractal features of HRV. In 
CON, long-term correlations decrease at larger scales. Be-
fore the onset of VT, we find increased long-term correla-
tions in the LF band which is thought to reflect sympathetic 
and vagal influences [6] and is in agreement with other 
studies, suggesting increased sympathetic activity as one 
origin of arrhythmogenesis [11]. 

Considering the difference between HFD and DFA re-
sults and the moderate linear correlation, HRV cannot be 
fully explained as a self-affine stochastic process, where the 
local properties, assessed with HFD, reflect in the global 
properties, as assessed with DFA. Both methods should 
therefore be seen as two complementary approaches. The 
chosen method of adaptive scaling range computation is 
based on well-known physiological phenomena, tradition-
ally considered in power spectrum analysis and demonstrat-
ing a good fit for all investigated recordings. Even though 
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the three separate scaling exponents might not be funda-
mentally different in every case, they represent an intuitive, 
physiologically grounded way to assess the scaling graphs. 

The analysis of the compression based entropy function 
indicates a loss of auto-dependence before VT. The signifi-
cantly steeper decay of the entropy function indicates less 
complex structures, since the VT time series are compara-
tively better compressible at small window sizes. For large 
window sizes no significant differences occur, i.e. the en-
tropy itself is not different before VT. Other studies, em-
ploying different complexity measures, have found less 
short-term fluctuations of HRV before the onset of VT, 
which is seen as a result of decreased vagal activity [1]. 

When employing HRV analysis for VT detection in 
ICDs, it has to be considered that only a subgroup of pa-
tients with ICDs exhibit a stable sinus rhythm with a limited 
number of ectopic beats. In our study, we analyze time 
series with less than 10 percent of ectopic beats/artifacts to 
make sure that HRV is not predominantly influenced by 
post-extrasystolic regulation patterns. Based on precise 
clinical diagnosis, future studies should therefore identify 
patho-physiological conditions that might allow reliable 
forecasting. 

In conclusion, the compression based entropy function 
scaling features of heart rate time series are significantly 
changed before the onset of VT and might individually be 
suitable for short-term forecasting of life-threatening ar-
rhythmias in ICDs. 

Fig. 2 Mean compression entropy of control heart rate time series (CON) 
and time series before VT as a function of the LZ77 compressor’s window 
size. 
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