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In this work, we study sequences of excursions from heart interbeat time series. An excursion is defined as the time employed by a walker to
return to its mean value. Scaling properties of excursions during wake and sleep periods from two groups are compared: 16 healthy subjects
and 11 patients with congestive heart failure (CHF). We find that the cumulative distributions of excursions for both groups follow stretched
exponential functions given byg(x) ∼ e−aτb

with different fitting parametersa andb. Next, we explore changes in the distributions of
excursions when considering (i) a shifted mean value to define an excursion and (ii) the sum of thek-th excursion successor. Finally, the
presence of correlations in the excursions sequences is evaluated by means of the detrended fluctuation analysis.

Keywords: Excursions; distributions; correlations.

En este trabajo se estudian series de tiempo de secuencias de excursiones de latido cardiaco. Una excursión se define como el tiempo que
le toma a uncaminanteque se desvia de su valor medio, retornar aél. Se comparan las propiedades de escalamiento de las excursiones
interlatido, durante los periodos de sueño y vigilia de dos grupos, uno de 16 sujetos sanos y el otro de 11 pacientes con falla cardiaca conges-
tiva. Se encuentra que las distribuciones cumulativas de ambos grupos se describen bien mediante exponenciales extendidas con diferentes
paŕametros de ajuste. Enseguida se exploran los cambios en las distribuciones de las excursiones, generados por, (i) un desplazamiento en
el valor medio al definir las excursiones, y (ii) la suma de la k-esima excursión subsecuente. Finalmente, se evalúan las correlaciones en las
secuencias de excursiones mediante un análisis de fluctuaciones sin tendencia.

Descriptores: Excursiones; distribuciones; correlaciones.

PACS: 87.19.Hh; 87.10.+e; 89.20.-a

1. Introduction

In past decades, many studies have focused on statistical
properties of heartbeat interval time series. These findings
have permitted to characterize healthy heartbeat dynamics as
fluctuations with1/f behavior with long-range correlations
and a broad multifractal spectrum [1-3]. An important aspect
of the interbeat variability is that healthy systems have com-
plex self-regulating mechanisms operating over multiple time
scales and may generate signals that have scaling properties.
Recent research focused on evaluation of complexity in heart
rate variability have revealed that some fractal and scaling
features which characterize healthy dynamics suffer changes
under pathologic conditions [1,4-8]. Another important char-
acteristic of heartbeat time series is the nonstationarity related
with a large number of control mechanisms of the heart and
external stimuli. However, when the interbeat sequences are
observed locally, one can roughly define a local mean value.
From a physiologic point of view, the presence of local sta-
tionary segments can be understood as the capability of the
system to preserve an approximated constant value but for a
limited period of time. It is also argued that, according to
the homeostasis principle, biological systems tend to main-
tain a constant output in spite of continual perturbations [9].
In fact, a previous study to detect local stationary segments of
heartbeat interval time series revealed that the distribution of
these stationary segments follows a power law behavior and
the scaling exponent, which characterizes the distribution, is

the same for healthy and heart failure groups [10]. Here we
focused our attention in the scaling properties of excursions,
which are defined as the period of time employed by a walker
to return to its average value, to evaluate the capability of
the system to preserve a mean output value and to compare
differences between wake and sleep periods. The problem
of the first return time has been studied in contexts like fi-
nancial index, intermittency, seismic activity and simulated
noise [11-14]. There are also important results of zero cross-
ing probabilities for Gaussian long-term correlated data [15].
We recently reported important scaling characteristics of ex-
cursions for healthy and pathologic cardiac dynamics [16]. In
the present work we address the question if there are changes
in the scaling properties of excursions between diurnal and
nocturnal periods under healthy and heart failure conditions.
The paper is organized as follows: In Sec. 2, we briefly de-
scribe the segmentation algorithm and the detrended fluctua-
tion analysis method. In Sec. 3, the results of the statistics of
excursions are described. Finally, some concluding remarks
are given in Sec. 4.

2. Methods

2.1. The segmentation method

To detect stationary segments in heartbeat time series, we use
the segmentation method proposed by Bernaola-Galván [10].
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FIGURE 1. Representative case of the segmentation procedure for
a (a) nonstationary signal from a healthy subject. (b) As in (a) but
for a magnification of the interval in (a). (c) Magnification of (b) to
illustrate the excursion identification.

The method consists in considering a slider pointer to calcu-
late the statistics

t =
µr − µl

SD
,

whereµr andµl are the mean of the values on the right and
left, respectively.SD is the pooled variance given by

SD =
(

(Nl − 1)s2
l + (Nr − 1)s2

r

Nl + Nr − 2

)1/2 (
1
Nl

+
1

Nr

)1/2

,

wheresl andsr are the standard deviation of the two sets,
andNl andNr are the number of points in the two sets. The
quantityt is used to separate two segments with a statistically
different mean. A significance level is applied to cut the se-
ries into two new segments (typically set to0.95), as long as
the means of the two new segments are significantly different
from the mean of the adjacent segments [10,17]. The process
is applied recursively until the significance value is smaller
than the threshold or the length of the new segment is smaller
than a minimum̀ 0.

2.2. Correlations

A method which is very appropriated to the assessment of
correlations in stationary and nonstationary time series is the
detrended fluctuation analysis (DFA). This method was in-
troduced to quantify long-range correlations in the heartbeat
interval time series and DNA sequences [18,19]. The DFA is
briefly described as follows: First, we integrate the original
time series to get,

y(k) =
k∑

i=1

[x(i)− xave] ,

the resulting series is divided into boxes of sizen. For each
box, a straight line is fitted to the points,yn(k). Next, the line
points are subtracted from the integrated series,y(k), in each

box. The root mean square fluctuation of the integrated and
detrended series is calculated by means of

F (n) =

√√√√ 1
N

N∑

k=1

[y(k)− yn(k)]2, (1)

this process is taken over several scales (box sizes) to obtain a
power law behaviorF (n) ∼ nα, with α an exponent, which
reflects self-similar and correlation properties of the signal. It
is known thatα = 0.5 is associated to white noise (non cor-
related signal),α = 1 corresponds to1/f noise andα = 1.5
represents a Brownian motion.

3. Results

We analyzed two different groups of individuals: 16 healthy
subjects and 11 patients with congestive heart failure [20].
For each individual, we considered interbeat sequences with
approximately3×104 beats corresponding to 6 hours of ECG
records. We selected 6-hours during the day and 6-hours
from sleep periods.

3.1. Distributions of excursions

A representative case of the segmentation procedure is shown
in Fig. 1a. Bernaola-Galv́an and coworkers [10], reported
that the cumulative distribution of stationary segments with
local mean follows a power law,G(> `) ∼ `−δ, with δ ≈ 2.2
for healthy and heart failure groups [10]. We calculate the
excursions return times for each stationary segment with re-
spect to the local mean [16]. More specifically, we identify
an excursion with sizeτ if xj > x and xj+τ > x while
xi > x for j < i < j + τ or converselyxj < x and
xj+τ < x while xi < x for j < i < j + τ (see Fig. 1c). In
a recent work, we have reported that the distributions of ex-
cursion sequences from stationary segments follow approx-
imately the same functional behavior [16]. This permits to
pool the data from all segments to improve the statistics.
Our results show that after normalizing the excursions, both
groups healthy and CHF are consistent with distributions that
follow a stretched exponential behavior given by,

g(τ) ∼ e−aτb

, (2)

wherea andb are constants. Specifically, for healthy subjects
during diurnal hours , we founda = 1.09±0.15 (mean value
± SD) andb = 0.91 ± 0.11 (Fig 2a. For night periods, we
observeda = 1.41 ± 0.19 andb = 0.71 ± 0.11. In Fig. 2b,
the results for the CHF patients are presented. The best fit
reveals thata = 1.31± 0.23 andb = 0.77± 0.13 for day pe-
riods whereas for night periods we observeda = 1.44±0.44
andb = 0.74±0.19. In order to compare the values observed
in the distributions, we calculate the characteristic scale asso-
ciated to the stretched exponential distribution given by

〈τ〉 =
a−1/b

b
Γ(1/b),
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FIGURE 2. Representative cumulative distributions of excursions
for wake and sleep periods of (a) a healthy subject and (b) a heart
failure patient. We also show the cases of shuffled records, that
is, for each segment we shuffled the interbeat time points and then
the distribution of excursions was constructed by pooling the data
from all segments. For clarity, the distributions were scaled by a
factor1/10.

with Γ the Gamma function. Note that forb = 1, the mean
value of an exponential function is recovered. For wake
records from healthy data we get〈τ〉 = 0.95 ± 0.11, while
for CHF 〈τ〉 = 0.84 ± 0.12, revealing a fast decay under
pathologic conditions. For sleep records from healthy group,
the mean value is〈τ〉 = 0.77 ± 0.10 whereas for CHF data
〈τ〉 = 0.78± 0.24 (note that both values are quite similar).

In order to evaluate the accuracy of the findings described
above, we consider two procedures which affect the distribu-
tions: (i) change of the local mean level to define an excursion
(see dashed lines in Fig. 1c), (ii) the sum of thek-th excur-
sion successor. Concerning (i), we tested the effect of the
local mean value over the distribution’s parameters. To this
end, we repeated the calculations by considering an excursion
with respect to a shifted mean valueµ± qσ, with σ the stan-
dard deviation andq = ±0.1,±0.2,±0.3,±0.4,±0.5. In
Fig. 3 the results ofa andb for different values ofq are pre-
sented. For healthy data from wake periods, we observe that
b decreases anda increases as the local mean value is moved
upward or downward (see Fig. 3a and its inset) whereas for
sleep periods both parameters almost do not change. For
heart failure data from wake periods, we also observe that
b show a small decreasing anda increases (Fig. 3b and its
inset) as the local mean value is moved upward or downward
whereas for sleep periods both values are almost constant for
the shifted mean within the intervalµ± 0.2σ. We notice that
the values ofa andb for the CHF group during night periods
are close their corresponding values from wake records, re-
vealing that under pathologic conditions wake-sleep changes
are less abrupter than for healthy situations.

Regarding the second point, the number of beats from a
mean crossing-level (i.e. the starting point of an excursion)
and itsk-th successor is considered; fork = 1 we get the

FIGURE 3. Statistics ofa andb for distributions obtained from a
shifted mean value. Symbols indicate the average value of each
parameter and error bars the standard error of the mean. (a) Aver-
age values from healthy data during wake and sleep periods. We
observe thatb decreases as the local mean value is move upward
or downward. The opposite behavior is identified fora, that is,a
increases as the mean value is changed (see the inset). We also re-
mark thatb shows a non-symmetrical behavior with respect to the
shifted mean value. (b) as in (a) but for CHF records.

FIGURE 4. Characteristic mean value vs.k-th excursion succes-
sor for wake and sleep periods. Symbols represent the mean value
and error bars the standard error. For healthy and CHF groups, the
diurnal mean values are bigger than the sleep mean values for sev-
eral values ofk. We note that the healthy mean values from sleep
periods are close to the CHF values from wake records.

Rev. Mex. Fis. S58 (1) (2012) 91–95
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FIGURE 5. Representative sequences of excursions from (a) one
healthy subject and (b) one CHF patient during wake periods.

FIGURE 6. Plots of DFA analysis for wake and sleep excursion
sequences from a healthy subject and a patient with CHF. For the
healthy subject during wake period (open circles) and sleep period
(filled circles), a single scaling exponentα ≈ 0.65 is identified for
time scales10 < n < 100. In contrast, a crossover pattern is ob-
served in the CHF patient for day (open diamonds) and night (filled
diamonds) records. For short scales the scaling exponent is close
to the white noise value (αs ≈ 0.55) whereas for large scales, the
excursion sequences display positive correlations (αl ≈ 0.7). As a
control, we also show the cases of shuffled records which show a
scaling exponent close to the uncorrelated valueα ≈ 0.5.

original excursion definition as those we have studied above.
We found that fork = 2, 3, 4, 5, the cumulative distribu-
tions of excursions withk-th successor are consistent with
a stretched exponential function. We estimatea and b for
several values ofk to construct the characteristic mean value
of the distributions. The results are presented in Fig. 4. We
observed that for healthy data from wake periods, the mean
value is bigger than the values from sleep records. It is also
important to note that healthy mean values from night periods
are quite similar to the values from sleep CHF records.

FIGURE 7. Scatter plot ofαs vs. αl for wake and sleep excur-
sion sequences from healthy subjects and CHF patients. We esti-
mateαs over short scales4 ≤ n ≤ 120 andαl over large ones
120 ≤ n ≤ 1000. A clear separation between the two groups is
observed for both periods.

3.2. Correlations of excursions

3.2.1. Detrended fluctuation analysis

In this Section, we study the memory in the time organiza-
tion of excursions. Figure 5 shows representative time evo-
lution of excursions from one healthy subject and one CHF
patient during wake periods (Fig. 5a and Fig. 5b). We ob-
serve that both sequences look different; particularly because
of the presence of clusters in healthy data as an indication of
memory. We use the DFA method to detect changes in corre-
lations of excursion sequences between sleep and wake peri-
ods. As shown in Fig 6, for healthy data from wake periods
the scaling behavior along at least for two decades is charac-
terized by the average exponentα = 0.64 ± 0.04, while for
wake CHF data the scaling is characterized by two regimes;
over short scales (4 ≤ n ≤ 102) the average exponent is
αs = 0.55± 0.01 whereas for large scales (102 ≤ n ≤ 103.)
the value isαl = 0.71 ± 0.07. For sleep periods, we ob-
serve that the scaling relation for healthy dynamics is char-

Rev. Mex. Fis. S58 (1) (2012) 91–95
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acterized by the exponentα = 0.64 ± 0.02 whereas CHF
data are described by the regimesαs = 0.55 ± 0.03 and
αl = 0.75±0.13. We see that in all cases the exponent is big-
ger than0.5, indicating the presence of positive correlations.
Important differences are observed when one comparesαs

andαl for CHF data (p-value< 10−3 by the Student’s test).
We remark that for short scales, the average DFA exponent
for the healthy group is slightly bigger than the corresponding
scaling DFA exponent of CHF group, confirming that the ex-
cursion sequences under healthy conditions are more corre-
lated than for pathologic data. It is also important to note that
the scaling exponent which characterizes diurnal excursions
is almost equal to the exponent from night periods. In order to
get a better evaluation of the presence of the crossover in the
scaling exponent for both periods, we extracted both scaling
exponents (αs andαl) for healthy data. Fig. 7 shows the scat-
ter plot of the scaling exponentsαs vs αl from healthy and
CHF subjects. For both wake and sleep periods we observe a
clear separation between healthy and heart failure groups.

4. Conclusions

We have analyzed excursion sequences from healthy and
heart failure groups during wake and sleep periods. Our re-
sults reveal that excursions can be characterized by stretched
distributions with different fitting parameters. We observed
that for healthy data wake-sleep differences are more signif-

icant than for CHF conditions. Further, the application of
two procedures to test the alterations of the fitting parame-
ters, also reveals that the distributions from wake and sleep
are quite similar for the heart failure group whereas impor-
tant differences are observed in healthy data. By means of
DFA analysis, we confirm the presence of long-term correla-
tions in excursion sequences from healthy data during wake
and sleep periods whereas under pathologic conditions corre-
lations are described by a crossover, indicating that over short
scales excursions are close to uncorrelated fluctuations. Our
results are in concordance with previous studies which report
that wake heartbeat fluctuations are characterized by scaling
exponents larger than the sleep exponents and to the white
noise regime (α = 0.5) [21]. Finally, our analysis reveals
that for healthy data during wake and sleep periods, excur-
sions sequences over short scales are less anticorrelated than
CHF excursions, indicating stronger neuroatonomic control
under heart failure conditions.
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