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Abstract

Heart variability series exhibit complex behavior best understood through nonlinear dy-
namical techniques. This research evaluates the utility of three Hurst exponent estimators
for assessing persistence and antipersistence in RR time series from healthy subjects and
those with congestive heart failure (CHF) across varying conditions, including sleep and
wakefulness. Healthy young subjects display persistent RR series, whereas both CHF
patients exhibit antipersistent RR series. Overall, the results support the use of Hurst
exponent methodologies as information-based biomarkers that can reveal relevant aspects
of physiological status and potentially contribute to risk assessment, classification, and
monitoring strategies in chronic disease research.

Keywords: Hurst exponent; congestive heart failure; heart rate variability series; time
series; stress tests; persistence; chronic diseases

1. Introduction
Nonlinear dynamics techniques have greatly advanced biomedical signal analysis by

enabling the interpretation of complex physiological patterns [1]. The cardiovascular system
is especially complex. Heart rate variability (HRV) is measured using RR intervals from
electrocardiograms (ECGs) and reflects physiological adaptations through neuroautonomic
modulation. These modulations are normal but can change with disease. HRV indicates
autonomic balance, blood pressure, gas exchange, and other factors. The variability in
nonlinear systems supports adaptation to changing environments, and optimal HRV is
associated with health and adaptability [2].

Heart disease remains a leading cause of death worldwide and congestive heart failure
(CHF) involves impaired blood pumping. Circadian oscillations, synchronized with sleep–
wake cycles, influence physiology [2]. RR interval fluctuations in healthy individuals
exhibit self–similar structures due to cardiac control and long-range correlations, which
change with disease, sleep–wake states, and exercise [3].

The Hurst exponent is a measure of autocorrelation in a sequence and serves as an
indicator of the long-term memory of a time series. If H is in the interval (0.5, 1], then the
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time series has long-term positive self-correlations or persistence. This means that there is
a high probability that a high value in the series can be followed by another high value. A
value in the range [0, 0.5) indicates that there is a high probability that a high value can be
followed by a low value, and the subsequent value can be high again; this phenomenon is
known as antipersistence. A value of H = 0.5 indicates a completely uncorrelated series
(white noise) [4].

The primary objective of this study is to assess the effectiveness of three Hurst exponent
estimators in distinguishing between different cardiac states, using heartbeat time series
from healthy individuals and patients with CHF in various conditions. By applying these
estimators to data from sleep and wake periods, we assess the utility of the Hurst exponent
as a diagnostic indicator. This analysis seeks to directly inform health status based on
clearly observed changes in Hurst exponent values.

2. Materials and Methods
2.1. Methods to Estimate Hurst Exponents

The Hurst exponent, also known as the rescaled range or R/S analysis, was proposed
by the British scientist Harold E. Hurst to address a problem in hydrology [4]. Hurst’s
analysis is obtained from the range of partial sums of sequence deviations from its mean,
and rescaled by its standard deviation. So, for an n-dimensional vector, Xn = (xi) and for
an m-dimensional sample sub-vector, Ym = (yi), where m = s · n, with sϵ[0, 1]. The R/S
statistic is estimated by the sub-sample mean:

ȳs =
1
m

m

∑
k=1

yk (1)

The sequence from partial summations is

zi =
i

∑
k=1

(yk − ȳs) (2)

The range Rs = max(zi) − min(zi), and the rescaled range (R/S)s = Rs/σs, where the
sample standard deviation is given by:

σs =

√︄
1

m − 1

m

∑
k=1

(yk − ys)2 (3)

The rescaled range is estimated with sub-vectors ym at different scales. Then, it is
averaged over a relatively large number of different ym values over the whole fractal
domain n. If the stochastic process of Xn is scaling over a certain domain sϵ(smin, smax), the
R/S statistics follows the power-law R/Ss = a · sH where H is the Hurst scaling exponent,
and a is a constant; these values can be obtained through the log − log plot of R/Ss as a
function of the scale s, which showed a linear tendency of the data with slope H [4].

Scale analysis methods offer advantages and disadvantages for the implementation
and precision of the estimation. For instance, the quality of the Hurst exponent estimates is
often influenced by the amount of input data and its sampling rate [5]; it is also shown that
various R/S variants are possible depending on the way in which they are defined and
differ greatly in their performance. Various modifications to the R/S analysis have been
proposed to improve performance while trying to maintain an easy implementation. For
example, one of the most used methods is based on the discrete second-order derivative
(DSOD) [6] and the Wavelet-adapted discrete second-order derivative (WDSOD) [7].

The three methods used in this work to estimate the H-values from this point are
as follows:
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1. Method 1: Original method developed by Hurst [4].
2. Method 2: Method based on DSOD [6].
3. Method 3: Method based on WDSOD [7].

2.2. RR Time Series: Healthy Subjects and CHF Patients

These time series were obtained from the following PhysioNet databases [8]:

1. Fifty-four recordings with 24 h ECG signals of subjects in normal sinus rhythm (30 men,
28.5 to 76 years old, and 24 women, 58 to 73 years old).

2. Fifteen ECG recordings of subjects with severe congestive heart failure (NYHA classes
III–IV). The participants were as follows: 11 men, 22–71 years old, and 4 women,
54–63 years old.

3. Twenty-nine recordings of subjects aged 34–79 years, with CHF (NYHA classes I, II,
and III).

In total, there are records of 54 healthy subjects and 44 patients with congestive heart
failure (CHF). One of the objectives is to study the differences when the subjects are awake
carrying out their normal activities and when they are asleep; hence, from the 24-h records,
heartbeat time series were obtained and separated to obtain subseries of 6 h for each state:
awake and asleep.

3. Results
PhysioNet Heartbeat Time Series

This section of this work consisted of the analysis of the heartbeat time series obtained
from the ECG records of the PhysioNet database of healthy subjects and CHF patients [8].
Figure 1a displays an example of one tachogram of a healthy subject, and Figure 1b shows
this graph from the CHF subject.
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Figure 1. Typical heartbeat time interval series obtained from (a) a healthy subject and (b) a CHF
patient.

As mentioned above, PhysioNet has heartbeat time series of 54 healthy subjects and
44 CHF patients. First, we analyzed the 24-h time series, and we obtained 6-h subseries
when the subjects were awake and 6-h subseries when they were sleeping, which is also
represented in Figure 1. We calculated the H-values with the mentioned methods. In
the first stage of the 24 h, Figure 2a–c show the variations in the Hurst exponent values
estimated with the three methods and comparisons of the physical health statuses of the
studied subjects (healthy and CHF). The average H-values of healthy and ill subjects for
each method can be observed in Table 1. It is worth mentioning that for the three methods,
on average, the heartbeat time series of healthy subjects have long-range correlations and
are persistent according to the interpretations of the H-values. Conversely, 24 h heartbeat
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time series of CHF patients have Hurst exponent values closest to white noise, so there
is a loss of long-range correlations. These findings are also consistent with the results
previously reported by [9]. In order to analyze the difference in H from series of healthy
and ill subjects, Student’s t-test was used, which indicated that H-values calculated using
methods 1, 2, and 3 showed significant differences with p < 1 × 10−5.

Figure 2. Histograms of H-values obtained for the complete series of healthy subjects and CHF
patients. (a) Results from method 1, (b) method 2, and (c) method 3. H-values calculated from the
6-h asleep period using (d) method 1, (e) method 2, and (f) method 3. Values obtained from the 6-h
awake period using (g) method 1, (h) method 2, and (i) method 3.

Table 1. H-values calculated for series from Physionet of healthy and CHF subjects.

Subjects Method 1 Method 2 Method 3

Healthy 0.97 ± 0.01 0.87 ± 0.19 0.83 ± 0.21
CHF patients 0.94 ± 0.04 0.53 ± 0.32 0.52 ± 0.31

Similarly, H-value estimation was applied to the 6-h RR time series of healthy subjects
and CHF patients in the two corresponding phases (sleep and wakefulness). Figure 2d–f
show the H-value histogram of sleeping series in both health conditions calculated using
the three methods. In addition, the average and standard deviation can be observed in
Table 2. It is worth mentioning that these new results showed significant differences for
methods 1, 2 and 3 (method 1: p = 0.0140; methods 2 and 3: p < 1 × 10−5).

Table 2. H-values calculated for series of healthy and CHF subjects during asleep and awake
6-h periods.

Condition Subjects Method 1 Method 2 Method 3

Asleep
Healthy 0.89 ± 0.04 0.87 ± 0.20 0.80 ± 0.23

CHF patients 0.87 ± 0.06 0.52 ± 0.37 0.50 ± 0.36

Awake
Healthy 0.93 ± 0.04 0.86 ± 0.20 0.82 ± 0.22

CHF patients 0.91 ± 0.04 0.57 ± 0.40 0.55 ± 0.37

On the other hand, Figure 2g–i show the H-values of awake series for both populations,
calculated using three methods. The average and standard deviation of these values are
presented in Table 2. When performing the statistical analysis, we found that the difference
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between the H-values of healthy individuals and those with congestive heart failure is
statistically significant (method 1: p = 0.0024; methods 2 and 3: p < 1 × 10−5). In addition,
it is worth noting that, on average, both in the waking phase and the sleep phase, the
series exhibit a loss of long-range correlations. These results are in agreement with those
previously reported by [9].

4. Discussion
The H-value estimations were applied to the HRV time series for healthy and CHF

subjects, and we obtained insights into the health status of each subject. We can see in
Figure 2a–c that the H-values of healthy subjects showed that there is persistence in their
RR series and antipersistence for congestive subjects. This allows us to determine that the
H-value can serve as an indicator to evaluate an individual’s physical health status, which
is consistent with the work published by Gorshkov et al. [10]. Time series were analyzed
in the sleep and wake phases. In Figure 2d–i, we observed that, in healthy subjects, the
H-value corresponds to persistent time series in both phases.

On the other hand, in CHF patients, it has been found that there are no significant
changes in H-value between sleep and wakefulness. This means that the series are antiper-
sistent; that is, the disease is associated with a loss in long-range autocorrelations. These
results suggest that patients with CHF experience the same symptoms both asleep and
awake; that is, their condition does not improve even when resting. Hence, the results
suggest that methods 1–3 for estimating the Hurst exponent were effective in analyzing
this type of series.

Finally, when comparing the results obtained in this study with other references, we
observed that other measurements based on complexity techniques, such as entropy, the
slope of the connectivity (k) vs. magnitude (M) graph, and the multifractal spectrum, have
also shown promising results for the analysis of tachograms under various conditions.
It is essential to highlight that the findings indicated a relationship between the loss of
persistence in heart rate variability series caused by illness, a decrease in complexity in
the multifractal spectrum [11], a reduction in entropy [12], and an increase in the kM slope
value [3].

5. Conclusions
The Hurst exponent, regardless of the estimation methodology employed, may serve

as a useful auxiliary tool for the analysis of heartbeat time series and the characterization of
physiological dynamics associated with cardiovascular health. In this study, three different
approaches were used to estimate the Hurst exponent: the conventional method, DSOD,
and WDSOD. The DSOD and WDSOD methods produced highly consistent results across
all analyzed conditions, while the conventional method showed some quantitative differ-
ences. Nevertheless, all three approaches were able to identify significant differences in the
complete RR series as well as in the awake and sleep segments. The results indicate that
persistent tachograms are generally associated with healthy subjects, whereas antipersis-
tent behavior is observed in patients with congestive heart failure. Overall, these findings
demonstrate the robustness of Hurst exponent analysis for distinguishing physiological
states and suggest that persistence measures may provide valuable information for assess-
ing cardiovascular function and physiological alterations associated with an increased risk
of chronic diseases.
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