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Stratification Pattern of Static and Scale-Invariant
Dynamic Measures of Heartbeat Fluctuations Across

Sleep Stages in Young and Elderly
Daniel T. Schmitt, Phyllis K. Stein, and Plamen Ch. Ivanov∗

Abstract—Cardiac dynamics exhibit complex variability charac-
terized by scale-invariant and nonlinear temporal organization re-
lated to the mechanism of neuroautonomic control, which changes
with physiologic states and pathologic conditions. Changes in sleep
regulation during sleep stages are also related to fluctuations in
autonomic nervous activity. However, the interaction between sleep
regulation and cardiac autonomic control remains not well under-
stood. Even less is known how this interaction changes with age,
as aspects of both cardiac dynamics and sleep regulation differ in
healthy elderly compared to young subjects. We hypothesize that
because of the neuroautonomic responsiveness in young subjects,
fractal and nonlinear features of cardiac dynamics exhibit a pro-
nounced stratification pattern across sleep stages, while in elderly
these features will remain unchanged due to age-related loss of
cardiac variability and decline of neuroautonomic responsiveness.
We analyze the variability and the temporal fractal organization
of heartbeat fluctuations across sleep stages in both young and
elderly. We find that independent linear and nonlinear measures
of cardiac control consistently exhibit the same ordering in their
values across sleep stages, forming a robust stratification pattern.
Despite changes in sleep architecture and reduced heart rate vari-
ability in elderly subjects, this stratification surprisingly does not
break down with advanced age. Moreover, the difference between
sleep stages for some linear, fractal, and nonlinear measures ex-
ceeds the difference between young and elderly, suggesting that
the effect of sleep regulation on cardiac dynamics is significantly
stronger than the effect of healthy aging. Quantifying changes in
this stratification pattern may provide insights into how alterations
in sleep regulation contribute to increased cardiac risk.

Index Terms—Aging, cardiac dynamics, detrended fluctuations,
fractal, nonlinear.

I. INTRODUCTION

PHYSIOLOGICAL systems under spatially and temporally
integrated neural regulation, such as the cardiac system,

display continuous and seemingly erratic fluctuations [1], [2].
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However, these “noisy” fluctuations in the intervals between
consecutive heartbeats exhibit a temporal organization that is
self-similar across a broad range of time scales, and is character-
ized by long-range power-law correlations [3]–[5] and nonlinear
properties [6]–[9], indicating a complex fractal and multifractal
structure [10], [11]. These fractal and nonlinear scaling features
of cardiac dynamics change under sympathetic and parasym-
pathetic blockade [12]–[14], and break down with pathologic
conditions [15], [16]. The scaling exponent associated with
these power-law correlations has been shown to be a sensitive
marker for predicting mortality [17]. Moreover, the fractal and
nonlinear organization of heartbeat fluctuations varies for dif-
ferent physiologic states, such as exercise and rest [18]–[20],
wake and sleep [21]–[25], and with the circadian rhythm
[26]–[28]. These findings indicate that the scale-invariant tem-
poral organization of heartbeat fluctuations reflects the un-
derlying mechanism of cardiac neuroautonomic regulation
that changes with different physiologic states and pathologic
conditions.

Recent studies have reported reduced heart rate variabil-
ity [29] and alterations of the fractal and nonlinear properties of
heartbeat fluctuations with healthy aging [30], [31], and these
changes in cardiac dynamics have been associated with higher
cardiac risk in elderly [26]. Sleep dynamics have also been found
to change with advanced age—e.g., elderly subjects typically
have more fragmented sleep with frequent arousals and reduced
duration of deep sleep [32]. Sympathetic nerve activity mea-
surements as well as spectral analysis of heart rate variability
across sleep stages show dominant parasympathetic control dur-
ing non-REM sleep, and activation of the sympathetic nervous
system during REM and wake [33], [34] leading to different
morphology in the heartbeat interval time series across sleep
stages (Fig. 1). The intricate mechanism of interaction between
sleep regulation and cardiac control, and whether this interaction
declines with age, however, remains not well understood.

To test how sleep dynamics affect the temporal fractal and
nonlinear organization of heartbeat fluctuations across time
scales, we compare heartbeat dynamics of healthy young and
healthy elderly subjects for different sleep stages. One possible
hypothesis is that there will be a well-pronounced stratification
pattern in the values of static (e.g., mean, standard deviation)
and dynamic (scaling and nonlinear) measures of heartbeat
dynamics across sleep stages, and that this stratification will
be present in both healthy young and healthy elderly subjects.
An alternative hypothesis is that while there are significant
differences in cardiac control with sleep stage transitions for
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Fig. 1. Representative recordings of segments of 500 RR intervals between
consecutive normal heartbeats for a healthy young subject during deep sleep,
light sleep, rapid eye movement (REM) sleep, and an intermediate wake state
(from bottom to top), part of an 8 h polysomnographic recording. A small
percentage of artefacts (e.g., spikes marked with ×) have been filtered before
the actual analysis (see Section II). Data show (a) gradual decrease of the
standard deviation, σRR (also denoted as SDNN) from wake to REM, to light,
to deep sleep (see Fig. 2), and (b) that the heartbeat signal is more homogeneous
in deep sleep compared to light sleep, REM sleep, and wake where it exhibits
more irregular fluctuations (see Fig. 3).

young subjects, the static and dynamic features of heartbeat
fluctuations in healthy elderly subjects will remain unchanged
across sleep stages due to age-related loss of cardiac variability
and decline in neuroautonomic responsiveness to changes in
sleep regulation. Testing these hypotheses will address the
question how sleep regulation influences cardiac dynamics,
and whether this influence changes with healthy aging, as sleep
disorders have been associated with increased cardiovascular
risk [35]–[37]. Probing for changes in the complex temporal or-
ganization of heartbeat fluctuations during different sleep stages
can help elucidate the mechanisms through which alterations of
sleep regulation in elderly may contribute to cardiac risk. This
approach is in line with earlier studies where combinations of
heart rate variability (HRV) measures as outlined in the HRV
task force 1996 [38] were utilized to increase their power in
stratifying age- and disease-related cardiac risk [39].

In order to characterize heartbeat fluctuations during different
sleep stages, as well as the effect of healthy aging on cardiac
regulation, we employ static measures, such as the standard de-
viation σRR (also denoted as SDNN) of the consecutive RR
interbeat intervals and the standard deviation σ∆RR of the inter-
beat increments ∆RR (also denoted as RMSSD). Further, we
also analyze dynamic measures, such as the scaling exponent
α which quantifies the long-term fractal correlations in the RR
time series, as well as the scaling exponents αmag and αsign

that quantify the long-term nonlinear and linear properties in
the magnitude and sign of ∆RR, respectively [40]–[42].

Here, we demonstrate that key fractal, scale-invariant and
nonlinear characteristics of heartbeat dynamics do not change
and remain stable with advanced age, indicating that fundamen-
tal features of cardiac complexity do not break down and are not
lost with healthy aging. Moreover, we find that key independent

static and dynamic measures of cardiac control change signif-
icantly during different sleep stages, and exhibit a previously
unknown stratification pattern similar in both young and elderly
subjects. This pattern does not break down with aging, despite
changes in sleep architecture and reduced heart rate variability
in elderly subjects. Further, the difference in these measures
between sleep stages far exceeds the difference between young
and elderly subjects, suggesting that the effect of sleep regula-
tion on cardiac dynamics may be significantly stronger than the
effect of healthy aging.

II. DATA AND METHODS

A. Subjects

We analyze 26 polysomnographic recordings obtained from
13 young subjects (average age 33.3 years; seven males and six
females) during two consecutive nights of sleep in controlled
laboratory conditions from the SIESTA project [43]. Continuous
EEG and ECG signals were recorded during the habitual sleep
periods of ≈8 h. Sleep stages were annotated in 30 s epocs
following standard procedures [44].

We compare the results of the young group from the SIESTA
database with healthy elderly subjects from the Sleep Heart
Health Study (SHHS) database. Full details of the SHHS study
design and cohort are provided in [45] and [46]. Details about
obtaining the ECG and polysomnographic recordings are out-
lined in [47]. Sleep apnea episodes were annotated, and heart
rate data during apnea (obstructive and central) were excluded
from our analysis . From the SHHS database, we selected a
subset of 24 subjects (six males; 18 females) average age of
78.4 years (youngest 72 years; oldest 89 years). These subjects
were selected by age, body weight, cardiac conditions, sleep
apnea, sleep disorders, and minimum drug intake. Subject with
highest age and good health were selected. There is a selection
bias towards healthy elderly subject meaning that the selected
group is not representative of the average population with the
same average age. The purpose of this selection is to separate the
effect of healthy aging from the effects of pathologic deviations
which become more pronounced with age.

B. Detrended Fluctuation Analysis

The detrended fluctuation analysis (DFA) method [48] has
been developed to quantify dynamic characteristics of physio-
logic fluctuations embedded in nonstationary physiologic sig-
nals. Compared with traditional correlation analyses, such as au-
tocorrelation, power spectrum analysis, and Hurst analysis, the
advantage of the DFA method is that it can accurately quantify
the correlation property of signals masked by polynomial trends,
and is described in detail in [49]–[53]. The DFA method quan-
tifies the detrended fluctuation function F (n) of a signal at dif-
ferent time scales n. A power-law functional form F (n) ∼ nα

indicates the presence of self-similar fractal organization in the
fluctuations. The parameter α, called scaling exponent, quanti-
fies the correlation properties of the heartbeat signal: if α = 0.5,
there are no correlations (white noise); if α = 1.5 the signal is
a random walk (Brownian motion); if 0.5 < α < 1.5 there are
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positive correlations, where large heartbeat intervals are more
likely to be followed by large intervals (and vice versa for small
heartbeat intervals); if α < 0.5 the signal is anticorrelated where
large heartbeat intervals are likely to be followed by small in-
tervals (with stronger anticorrelations when α is closer to 0).

One advantage of the DFA method is that it can quantify sig-
nals with α > 1, which cannot be done using the traditional auto-
correlation and R/S analyses [54], as well as signals with strong
anticorrelations [49]. In contrast to the conventional methods,
the DFA method avoids spurious detection of apparent long-
range correlations that are an artefact of nonstationary [55].
Thus, the DFA method is able to detect subtle temporal struc-
tures in highly heterogeneous physiologic time series.

An inherent limitation of the DFA analysis is the maximum
time scale nmax for which the fluctuation function F (n) can be
reliably calculated. To ensure sufficient statistics at large scales
it was shown that nmax should be chosen nmax ≤ N/6, where
N is the length of the signal [49], [52], [56].

C. Magnitude and Sign Analyses

Since the DFA method quantifies linear fractal characteristics
related to two-point correlation, we employ the magnitude and
sign analyses (MSA) method to probe for long-term nonlinear
properties in the data. Specifically, it has been shown that signals
with identical self-similar temporal organization, quantified by
the DFA scaling exponent α, can exhibit very different nonlinear
properties captured by the MSA method [40].

The MSA method [40]–[42] consists of the following steps:
1) given a RRi series we obtain the increment series ∆RRi =
RRi+1 − RRi ; 2) we decompose the increment series into a
magnitude series |∆RR| and a sign series sign(∆RR); 3)
because of limitations in the accuracy of the DFA method
for estimating the scaling exponents of anticorrelated signals
(α < 0.5), we integrate the magnitude and sign series; 4) we
perform the DFA scaling analysis; 5) to obtain the scaling expo-
nents for the magnitude and sign series, we measure the slope
of F (n)/n on a log–log plot, where F (n) is the fluctuation
function and n is the time scale.

This approach is sensitive to nonlinear features in signals en-
coded in the Fourier phases [57]. We find that positive correla-
tions in the magnitude series (αmag > 0.5) are a reliable marker
of long-term nonlinear properties, which are represented by the
scaling behavior over a range of time scales of moments other
than the second moment and relate to the width of the multifrac-
tal spectrum [42]. Thus, the MSA is a complementary method
to the DFA, because it can distinguish physiologic signals with
identical long-range fractal correlations, as quantified by the
DFA method, but different nonlinear properties and different
temporal organization for the sign (∆RR) series.

D. Data Processing

From the annotated ECG recordings, only the intervals RR
between consecutive normal beats are considered. Intervals con-
taining nonnormal beats are disregarded. The RR time series
are then segmented corresponding to sleep stages. Within each
data segment, corresponding to a given sleep stage, outliers due

to missed beat detection in the ECG (which would give rise
to erroneously large intervals) are marked as gaps of size G
and taken out. Heartbeat RR intervals are identified as outliers
when outside the interval [0.5 s; 1.55 s] or when an interbeat
increment ∆RR > 0.35 s (illustrated in Fig. 1). This results in
removing on average 1.2% and no more than 5% of the data
points for each record. Segments of RR intervals were concate-
nated when separated by gaps smaller than G = 70, 35, and 10
heartbeats for the analysis of the time series of RR, |∆RR|, and
sign (∆RR), respectively. Segments separated by gaps larger
than G were analyzed separately without concatenation.

We note that cutting out gaps in positively correlated fractal
signals, such as the RR time series, does not effect the DFA and
MSA scaling behavior at intermediate and large time scales [51].
For large values of G, in general, more segments of data are con-
catenated, which allows to explore larger time scales n in the
DFA and MSA scaling analyses. We choose different values of
G for the RR, |∆RR|, and sign (∆RR) time series as we es-
timate α, αmag , and αsign at large (n ∈ [50, 250]), intermediate
(n ∈ [10, 150]), and short (n ∈ [7, 13]) time scales, respectively
(where n is in beat numbers). For larger values of G larger time
scales n in the DFA and MSA scaling analyses are affected by
the concatenation of adjacent data segments. The values for G
are chosen conservatively small—our tests show that choosing
larger values of G does not affect the scaling results for the
fitting ranges mentioned earlier.

Because sleep stages were annotated in epocs of 30 s such
coarse-graining leads to inaccuracy in determining the actual po-
sitions of sleep stage transitions. To assure that this inaccuracy
does not affect our analysis, we disregard 40 heartbeats on each
side of every sleep stage transition in the polysomnographic
recordings. To avoid masking effects of occasional periodic
breathing and sleep apnea episodes, which strongly affect car-
diac dynamics [58]–[60], we disregard sections of heart rate data
corresponding to central and obstructive apnea episodes, includ-
ing additional 60 heartbeats before the beginning and after the
end of each apnea episode to eliminate transient apnea effects.

Data segments separated by gaps due to sleep stage or ap-
nea events transitions are never concatenated, and are always
analyzed separately. For example, segments of heartbeat data
during separate REM sleep stages throughout the night are
treated separately in our analysis. Thus, when calculating the
standard deviation σRR and σ∆RR for these separate segments
(each of which may have a different mean value), we subtract
the global average for all segments (Fig. 2 and Table I). We note
that subtracting the average in each segment separately leads to
qualitatively the same results with the same relative difference
in σRR and σ∆RR between young and elderly and to the same
stratification patterns across sleep stages as shown in Fig. 2.

E. Statistical Tests

We apply the Student’s t-test to test the statistical significance
of differences between individual pairs of conditions (age or
sleep stage). Further, we use the multiple analysis of variance
(MANOVA) with 2 × 4 design for the two groups of young and
elderly and for four physiologic states, wake, REM, light, and
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Fig. 2. Static measures of heart rate variability across sleep stages for young
and elderly. (a) Group average standard deviation of the interbeat RR intervals
σRR (SDNN) exhibits a statistically significant stratification across sleep stages
for both young and elderly (for young: p-value = 2.4 × 10−8 between wake
and deep sleep, and p-value = 2.4 × 10−3 between REM and deep sleep). (b)
Group average standard deviation σ∆ RR (RMSSD) of the interbeat increments
∆RR does not show a statistically significant dependence of sleep stages for
both young and elderly. Average values across all stages are indicated by dashed
lines for each group. For elderly both σRR and σ∆ RR exhibit a statistically
significant (see Table I) vertical shift of ∆ ≈ 0.02 s across all sleep stages.
Error bars represent the standard error.

TABLE I
STATIC AND SCALE-INVARIANT DYNAMIC CHARACTERISTICS OF HEARTBEAT

FLUCTUATIONS FOR ALL SLEEP STAGES IN YOUNG AND ELDERLY

deep sleep with subjects as nested random effects (JMP version
5.1.2 software analysis package, SAS Institute, Cary, NC).

III. RESULTS

A. Variability in Heartbeat Intervals and their Increments

To test whether heart rate variability changes according to
sleep stage transitions (Fig. 1), and whether this variability is
reduced in healthy elderly subjects for certain sleep stages, we
first estimate for each subject and for each sleep stage the stan-
dard deviation of the RR interbeat intervals σRR (SDNN) and
the standard deviation of the increments in the consecutive in-
terbeat intervals σ∆RR (RMSSD). For the group of healthy
young subjects, we find that the group average σRR is high-

est for wake with 〈σW
RR〉 ± σ = 0.11 ± 0.03, lower for REM

and light sleep with 〈σREM
RR 〉 ≈ 〈σL

RR〉 ≈ 0.08 ± 0.03, and low-
est for deep sleep with 〈σD

RR〉 ± σ = 0.06 ± 0.03 [Fig. 2(a)].
A Student’s t-test shows a significant difference between 〈σW

RR〉
and 〈σD

RR〉 for the young group, with a p-value = 2.4 × 10−8 . A
statistically significant difference, with a p-value = 2.4 × 10−3 ,
we find also when comparing 〈σREM

RR 〉 and 〈σL
RR〉 with 〈σD

RR〉.
Compared to the young subjects, for the group of healthy

elderly subjects, we observe a very similar stratification of
the values of σRR for the different sleep stages. Specifically,
we find that for the elderly subjects 〈σW

RR〉 ± σ = 0.08 ± 0.03
is significantly different from 〈σREM

RR 〉 ± σ = 0.06 ± 0.02 with
p-value = 2 × 10−3—very similar to the statistical significance
with p-value = 6 × 10−3 of the difference between 〈σW

RR〉 and
〈σREM

RR 〉 for the young group [see Fig. 2(a)]. Further, we find that
for the elderly subjects 〈σL

RR〉 ≈ 0.06 ± 0.02 is statistically dif-
ferent from 〈σD

RR〉 ≈ 0.04 ± 0.02 with p-value = 6.4 × 10−5 .
These observations demonstrate that the variability in cardiac
dynamics in elderly subjects exhibits a remarkably similar strat-
ification pattern across sleep stages as the one observed for
young subjects [Fig. 2(a)].

We note that the elderly group average values for σRR are
significantly lower (with a shift of ∆ ≈ 0.02 s) for all sleep
stages compared to the young group. The observed identical
shift in σRR for all sleep stages [Fig. 2(a)], indicates significantly
reduced heart rate variability in elderly subjects, in agreement
with earlier studies [35], [59], [61], [62]. However, the response
of cardiac dynamics to sleep stage transitions in healthy elderly
subjects remains the same as in young subjects, as evident from
the similar stratification patterns in σRR for both groups. A
MANOVA-test shows that σRR changes significantly (p-value <
0.0001) with age and also with sleep stage (p-value < 0.0001).

We next consider σ∆RR , another standard static measure
which quantifies the variability in consecutive beat-to-beat in-
crements. In contrast to σRR , we do not find a stratification in
the values of σ∆RR for different sleep stages in both young
and elderly subjects [Fig. 2(b)]. However, we again observe
a significant reduction in the values of σ∆RR with a shift of
∆ ≈ 0.02 s for elderly subjects compared to the young group,
consistent with earlier reports of lower heart rate variability in
elderly [31]. This is also confirmed by a MANOVA-test which
shows that σ∆RR changes significantly (p-value < 0.0001) with
age and but not with sleep stage (p-value = 0.23).

B. Fractal Temporal Correlations

We next test whether the temporal organization of heartbeat
fluctuations responds to sleep stage transitions, and whether it
changes with advanced age. Previous studies have shown that
heartbeat fluctuations exhibit self-similar fractal organization
characterized by power-law correlations over a broad range of
time scales from seconds to many hours [3]–[5]. The scaling
exponent α quantifying these power-law correlations has been
found to change significantly with transitions from sleep to wake
state [21] and with the circadian rhythm [26], [27], indicating
a complete reorganization of the fractal temporal structure in
cardiac dynamics across all scales.
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Fig. 3. Log–log plots of the group average fluctuation functions F (n) versus
time scale n (measured in beats) for group of young subjects using DFA-2
analysis of the heartbeat intervals RR during different sleep stages. Scaling
curves F (n) for all sleep stages indicate presence of long-range power-law
correlations characterized by scaling exponent α over a broad range of time
scales. The exponent varies from α ≈ 1 for wake (indicating strong correla-
tions) to α ≈ 0.6 for deep sleep (week correlations) suggesting different fractal
temporal organization in heartbeat fluctuations during different sleep stages.
Error bars represent the standard error. The scaling curves F (n) are vertically
offset for clarity. As the durations of different stages vary among subjects and
thus the maximum time scale nm ax of the DFA analysis may be different for
different subjects, only F (n) data points averaged over at least 14 recordings
are presented for each stage.

To probe how the scale-invariant organization in the inter-
beat intervals RR changes across sleep stages for both young
and elderly subjects, we apply the DFA scaling analysis. We
find a very pronounced difference in the scaling behavior of the
fluctuation function F (n) for the different sleep stages (Fig. 3)
with significantly different values for the DFA scaling exponent
α [Fig. 4(a)]. Specifically, we find a clear stratification in the
group average scaling exponent α, with highest value for the
wake state, followed by a lower value for REM sleep and even
lower values for light and deep sleep (Fig. 4(a) and Table I). Em-
ploying a Student’s t-test for both young and elderly subjects we
find a statistically significant difference between the group aver-
age exponent αW for wake and αD for deep sleep with p-value =
2 × 10−7 and p-value = 10−17 , respectively (see Table I). We
also find a statistically significant difference between αREM

for REM sleep and αL for light sleep with p-value = 9 × 10−4

and p-value = 6.5 × 10−12 , respectively for the young and el-
derly groups. Performing a MANOVA-test we find a significant
change in αRR across sleep stages (p-value < 0.0001) but an
insignificant change with age (p-value = 0.93).

Our findings indicate 1) a significant change in the fractal
temporal organization of heartbeat fluctuations in response to
transitions across sleep stages, in agreement with [22] and [24],
and surprisingly 2) that fractal correlations within each sleep
stage remain robust and do not significantly change with
healthy aging.

C. Magnitude and Sign Correlation

Scale-invariant fractal processes with identical long-range
power-law correlation may exhibit very different dynamics for

Fig. 4. Scale-invariant dynamic measures of heart rate variability across sleep
stages for young and elderly. (a) Group average scaling exponent α for the time
series of heartbeat intervals RR exhibits a pronounced and statistically signif-
icant stratification across sleep stages for both young and elderly. High degree
of fractal correlations is observed during wake an REM with α ≈ 1 and much
weaker correlations during light and deep sleep with α ≈ 0.6. Uncorrelated
(white noise) behavior with α = 0.5 is indicated by a dashed line. (b) Group
average scaling exponent αm ag for the time series of |∆RR|. Both young and
elderly exhibit long-term nonlinear behavior with αm ag > 0.5 and with a very
similar stratification pattern across all stages: higher αm ag -values and higher
degree of nonlinearity during wake and REM; lower αm ag -values and closer to
linear behavior during light and deep sleep. (c) Group average scaling exponent
αsign for the time series of sign(∆RR). A statistically significant stratifica-
tion pattern with decreasing values of αsign across all stages is observed for
the young group. Elderly subjects exhibit a different pattern with significantly
lower values of αsign during wake and REM (see Table I). Data are obtained
after fitting the DFA scaling curves F (n) for each individual recording in the
range of time scales: n ∈ [50, 250] beats for α; n ∈ [10, 150] for αm ag ; and
n ∈ [7, 13] for αsign . Error bars represent the standard error.

the magnitude and sign of their fluctuations [40]. It has been
found that the information contained in the temporal organiza-
tion of the magnitude and the sign time series is independent and
complementary to the correlation properties of the original time
series [41], [42]. For cardiac dynamics of healthy subjects dur-
ing routine daily activity, it was shown that heartbeat intervals
exhibit power-law correlations at intermediate and large time
scales characterized by a scaling exponent α ≈ 1 [15], while
at the same time scales the magnitude series of the increments
∆RR in the consecutive heartbeat intervals is characterized by
αmag ≈ 0.75 [40]. Further, while the correlations in RR reflect
the linear properties of cardiac dynamics, the temporal structure
in the magnitude of heartbeat increments ∆RR relates to the
nonlinear properties encoded in the Fourier phases [42], [57].
For certain pathologic conditions, such as congestive heart fail-
ure, which are associated with loss of nonlinearity in cardiac
dynamics [6], [9], [11], previous studies have reported break-
down of the nonlinear multifractal spectrum [10] and reduced
scaling exponent αmag [40] related to loss of Fourier-phase
correlations.

To probe how the long-term nonlinear properties of heartbeat
fluctuations change across sleep stages, we investigate the cor-
relations in the magnitude of the interbeat interval increments
∆RR. For both groups of young and elderly subjects we find
that for all sleep stages, the scaling exponent αmag is signif-
icantly higher than 0.5, indicating nonlinear dynamics during
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sleep [Fig. 4(b)]. We also find that both young and elderly sub-
jects exhibit a clear stratification in the group average values of
αmag across all sleep stages (although not so pronounced as in
α). In particular, we find highest values for αmag during wake,
followed by lower values during REM and light sleep, and low-
est αmag -values during deep sleep (Fig. 4(b) and Table I), in
agreement with [23].

Our results indicate a nonlinear behavior, consistent for both
young and elderly subjects, where cardiac dynamics exhibit
higher degree of nonlinearity during wake and REM sleep, and
closer to linear behavior during light and deep sleep [Fig. 4(b)].
Furthermore, based on a paired Student’s t-test, for the elderly
subjects, we find a slight but not statistically significant shift to
lower αmag -values for all sleep stages compared to the young
group (Table I). Applying a MANOVA-test, we find a p-value =
0.005 with age and a significant change in αmag across sleep
stages (p-value = 0.0002).

For the sign of the interbeat increment ∆RR time series in
young subjects we again find a clear and significant stratifi-
cation in the values of the scaling exponent αsign (Fig. 4(c)
and Table I). In particular, we find highest αsign -values dur-
ing wake, followed by REM and light sleep, and lowest αsign -
values during deep sleep—a stratification pattern very similar
to the one we observe for σRR , α, and αmag . This indicates
stronger anticorrelations in the sign (∆RR) time series during
light and deep sleep, and weaker anticorrelations during REM
and wake. This stratification pattern is in contrast to the behav-
ior we find for the elderly subjects, where there is no signifi-
cant difference between wake, REM, and light sleep [Fig. 4(c)].
The values of αsign during light and deep sleep are almost the
same for both young and elderly. In addition, we observe a sig-
nificant difference between young and elderly subjects during
wake (with a p-value = 1.6 × 10−4) and during REM (with a
p-value = 1.6 × 10−5), with elderly subjects characterized by
lower values for the exponent αsign [Fig. 4(c)]. The result of a
MANOVA-test indicates a statistical significant difference be-
tween the two age groups (p-value = 0.0001) and a significant
difference across sleep stages (p-value = 0.0001). These results
suggests that the difference between young and elderly subjects
is most pronounced in the sign (∆RR) time series during wake
and REM with stronger anticorrelations for elderly.

IV. DISCUSSION

Our results show that key static and dynamic measures of
heart rate variability exhibit a pronounced and statistically
significant stratification pattern across sleep stages. We find a
remarkably similar stratification pattern for both static and dy-
namic measures, with consistently higher values during wake,
lower values during REM and light sleep, and lowest during
deep sleep. This stratification of static and dynamic measures
is surprisingly robust, as we observe very similar patterns for
both young and elderly subjects, despite significantly reduced
heart rate variability with age (Table I) [31], [35]. These results
indicate that the influence of sleep regulation on the autonomic
cardiac activity does not break down with progressive healthy
aging.

A. Static Measures

We find that the standard deviation σRR of the heartbeat
intervals, a static measure of cardiac dynamics, decreases sig-
nificantly when comparing wake, REM, light, and deep sleep
(Fig. 2). This indicates a strong responsiveness of cardiac dy-
namics to changes in sleep regulation across different sleep
stages. The coupling between sleep and cardiac control appears
to be robust, as we find the same stratification pattern in σRR
for both healthy young and elderly subjects (Fig. 2). While the
stratification patterns in σRR are the same for the young and
the elderly groups, there is a significant vertical shift of size
∆ ≈ 0.02 s to lower values of σRR in elderly subjects, consis-
tently across all sleep stages [Fig. 2(a)]. These findings are in
agreement with earlier reports of reduced heart rate variability
with healthy aging during REM and non-REM sleep [59], [62].
However, the existence of a specific stratification pattern in the
values of σRR , which remains unchanged with advanced age, has
not been previously reported. We note, that for both young and
elderly groups the difference in the group average standard devi-
ation between wake and deep sleep 〈σW

RR〉 − 〈σD
RR〉 ≈ 0.04 s is

approximately twice larger than the vertical shift ∆ we find be-
tween young and elderly. These results indicate that the effect of
sleep regulation on heart rate variability, as measured by 〈σRR〉,
is stronger than the effect of aging (average age difference of 45
years between the young and elderly groups).

The pronounced stratification pattern we find in σRR across
sleep stages relates to reduction in sympathetic tone during light
and deep sleep compared to wake and REM [33], [34]. As the
sympathetic activity is represented by the low-frequency range
in the heart rate power spectrum [34], [63], bursts of sympathetic
tone and parasympathetic withdrawal lead to increased nonsta-
tionarity of the interbeat interval time series characterized by
higher values of σRR during wake and REM. With gradual de-
crease of sympathetic tone during light and deep sleep the degree
of nonstationarity also decreases, and therefore, σRR is reduced.
This is also observed for the group of healthy elderly subjects,
however, with lower values of σRR for all sleep stages due to
reduced parasympathetic tone in elderly.

In contrast to σRR , for the standard deviation σ∆RR of the
increments in the consecutive heartbeat intervals ∆RR, another
static measure, we do not find a significant change across sleep
stages for both young and elderly subjects. This measure is
insensitive to nonstationarity in the interbeat time series as it
filters out low-frequency trends associated with sympathetic
activity. Thus, σ∆RR does not capture the different degree of
nonstationarity related to changes in the level of sympathetic
activity during different sleep stages. However, σ∆RR reflects
the high-frequency variability in the interbeat time series related
to parasympathetic activity. For the elderly subjects, we find a
significant reduction of ∆ ≈ 0.025 s in the values of σ∆RR for
all sleep stages, indicating a reduction in parasympathetic tone
with aging (Fig. 2(b) and Table I).

There is a strong positive correlation between σRR and
low-frequency heart rate variability, as well as between σ∆RR
and high-frequency variability [64]. As σ∆RR represents high-
frequency parasympathetic inputs and filters out low-frequency
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sympathetic inputs, the fact that we do not observe a signifi-
cant reduction in σ∆RR between REM and deep sleep suggests
that parasympathetic tone does not significantly change. This,
in turn, suggests that the statistically significant drop we find
in σRR between REM and deep sleep in both healthy young
and elderly subjects is due to a significant reduction of sympa-
thetic activity. On the other hand, a similar drop of ∆ ≈ 0.02 s
between σRR for the young and σRR for the elderly subjects
during REM must be caused by suppression of parasympathetic
tone in elderly, as we also find a similar drop of ∆ ≈ 0.02 s
in σ∆RR , which is a measure sensitive only to parasympathetic
tone. Thus, while both σRR and σ∆RR are static measures,
they reflect fundamentally different aspects of cardiac control:
while σRR captures both sympathetic and parasympathetic ac-
tivity, and thus changes across sleep stages as well as with
advanced age, the complementary measure σ∆RR is only sensi-
tive to changes in the parasympathetic activity, and thus changes
only with age.

B. Dynamic Measures

Our results demonstrate that dynamic measures, such as α,
αmag , and αsign , which probe the temporal fractal and non-
linear organization in heartbeat fluctuations, also change with
transitions across sleep stages. Moreover, this change is very
similar for both young and elderly subjects indicating a robust
influence of sleep regulation on the temporal fractal correla-
tions of heartbeat fluctuations. Specifically, we find significantly
stronger correlations during wake and REM compared to light
and deep sleep [Fig. 4(a)].

The scaling exponent α is determined over a range of long
and intermediate time scales corresponding to low and inter-
mediate frequencies in the power spectrum (Fig. 4). Thus, α
mainly quantifies the contribution of the sympathetic component
of neuroautonomic control to the fractal temporal organization
of heartbeat fluctuations, as sympathetic tone affects low and
intermediate frequencies [65]—i.e., higher values of α during
wake and REM reflect significantly higher sympathetic activity
compared to lower values of α during light and deep sleep. We
note that although traditional heart rate variability measures,
such as high and low frequency power [38], have been found to
change significantly between healthy young and elderly subjects
[59], [62], a consistent stratification pattern across sleep stages
has not been previously found.

Our observation that two independent measures—the static
measure σRR and the dynamic measure α that quantify different
aspects of cardiac dynamics—change consistently across sleep
stages and exhibit a very similar stratification pattern for both
young and elderly subjects confirm our hypothesis of strong
coupling between sleep and cardiac regulation. These results
clearly indicate that heart rate variability changes significantly
with transitions from one sleep stage to another in response to
changes in sleep regulation during different sleep stages, where
the values of σRR and α follow a particular order. In other words,
our findings of a similar stratification pattern for both σRR and
α indicates that the underlying regulatory mechanism affects

two independent1 measures in a similar way. As the reflexive-
responsiveness of cardiac dynamics in healthy young subjects
is intact, the observed stratification pattern in the values of σRR
and α—highest for wake, lower for REM and light sleep, and
lowest for deep sleep—can only be attributed to the influence of
different modes of sleep regulation during different sleep stages.
As described in the Section III, the variability σRR is almost the
same in REM and light sleep with significant differences to the
wake and deep sleep states. In contrast, the α-values show most
pronounced changes, specifically in elderly, between REM and
light sleep.

We note that, compared to the young group, elderly subjects
are characterized by higher values of the scaling exponent α
during wake and REM, and slightly lower values for light and
deep sleep. In contrast to σRR and σ∆RR we do not find a
significant shift to lower values for the scaling exponent α in
elderly. The higher values of α for elderly subjects during wake
and REM indicate higher degree of correlations in heartbeat
fluctuations, and reflect lower parasympathetic tone in elderly
compared to young subjects.

A similar, however, less pronounced stratification pattern we
observe also for the scaling exponent αmag , which quantifies
the long-term nonlinear properties of heartbeat dynamics en-
coded in the Fourier phases [42], [57]. This finding indicates
higher degree of nonlinearity in cardiac dynamics during wake
and REM, and closer to linear behavior during light and deep
sleep. We find this tendency to hold for both young and elderly
subjects [Fig. 4(b)]. We note that while there is a slightly lower
degree of nonlinearity in elderly (lower αmag -values) for all
sleep stages, the difference in αmag between wake/REM and
light/deep sleep is larger compared to the difference between
the young and elderly groups. This indicates that the influence
of sleep regulation on the nonlinearity, as measured by αmag , is
stronger than the effect of aging in healthy subjects.

Finally, for the scaling exponent αsign that quantifies the
short-term correlations in the directionality of heart beat in-
crements, we again find a pronounced stratification pattern with
statistically significant differences between the values αsign for
different sleep stages. As for σRR , α, and αmag , the values of
αsign for young subjects are highest during wake, lower during
REM and light sleep, and lowest during deep sleep [Fig. 4(c)].
In contrast to α and αmag , the values of αsign during wake and
REM sleep are very different (much lower values) for elderly
subjects (Table I).

Our findings have implications for comparative studies
(healthy versus disease, young versus elderly, etc.) when ECG
data during sleep are analyzed without prior knowledge of the
sleep stages. The observation that certain measures of cardiac
dynamics significantly change across sleep stages forming spe-
cific stratification patterns, may facilitate the development of

1Note that σ is a static measure of the standard deviation of a signal, while
α measures the temporal correlations of signal. In fact, signals with identical σ
can exhibit completely different temporal correlations. Inversely, e.g., dividing
all data point values in a correlated time series by a factor of 2 would reduce
the σ by a factor of 2 but will leave the scaling exponent α, representing the
temporal correlations unchanged.
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automated detection of sleep stages based only on ECG record-
ings.

In summary, our results show that key static and dynamic
measures of cardiac control change significantly in response to
sleep stage transitions and exhibit a pronounced stratification
pattern across sleep stages. For both static and dynamics mea-
sures this stratification pattern is characterized by highest values
during wake, and decreasing values for REM, light and deep
sleep. Our results indicate that not only the heart rate variabil-
ity but also the fractal and nonlinear organization of heartbeat
fluctuations follow the same stratification pattern, suggesting a
fundamentally different cardiac dynamics during different sleep
stages. This stratification pattern appears remarkably robust as
we observe it both in young and elderly subjects. Moreover, for
all sleep stages the elderly subjects exhibit very similar values
for the linear and nonlinear scaling measures of cardiac dynam-
ics compared to the young subjects, indicating that the fractal
temporal organization of cardiac dynamics does not break down
with healthy aging.

Further, our observations indicate that under healthy condi-
tions the coupling between the mechanism of sleep regulation
and the neuroautonomic cardiac control does not break down
with progressive aging, despite significant reduction in heart
rate variability and alterations of sleep architecture in elderly.
Moreover, we find that the differences between the values of
key static and dynamic measures of heart rate variability for
different sleep stages exceed the differences between young and
elderly subjects, suggesting that the effect of sleep regulation
on cardiac dynamics is significantly stronger compared to the
effect of healthy aging. Finally, these findings suggest a signifi-
cant revision of the current theory of complexity loss with aging
compared to disease, and provide new understanding of how
sleep regulation affects cardiac dynamics in young and elderly.
Quantifying changes in the stratification pattern, we uncover,
across sleep stages can provide insights into how alterations in
sleep regulation contribute to increased cardiac risk.
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Abstract

Cardiac dynamics exhibit complex variability characterized by scale-invariant and nonlinear temporal

organization related to the mechanism of neuroautonomic control, which changes with physiologic

states and pathologic conditions. Changes in sleep regulation during sleep stages are also related to

fluctuations in autonomic nervous activity. However, the interaction between sleep regulation and

cardiac autonomic control remains not well understood. Even less is known how this interaction

changes with age, as aspects of both cardiac dynamics and sleep regulation differ in healthy elderly

compared to young subjects. We hypothesize that because of the neuroautonomic responsiveness in

young subjects, fractal and nonlinear features of cardiac dynamics exhibit a pronounced stratification

pattern across sleep stages, while in elderly these features will remain unchanged due to age-related

loss of cardiac variability and decline of neuroautonomic responsiveness. We analyze the variability

and the temporal fractal organization of heartbeat fluctuations across sleep stages in both young and

elderly. We find that independent linear and nonlinear measures of cardiac control consistently

exhibit the same ordering in their values across sleep stages, forming a robust stratification pattern.

Despite changes in sleep architecture and reduced heart rate variability in elderly subjects, this

stratification surprisingly does not break down with advanced age. Moreover, the difference between

sleep stages for some linear, fractal, and nonlinear measures exceeds the difference between young

and elderly, suggesting that the effect of sleep regulation on cardiac dynamics is significantly stronger

than the effect of healthy aging. Quantifying changes in this stratification pattern may provide

insights into how alterations in sleep regulation contribute to increased cardiac risk.
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Many physical and physiological signals exhibit complex scale-invariant features characterized by 1 / f
scaling and long-range power-law correlations, indicating a possibly common control mechanism. Specifically,
it has been suggested that dynamical processes, influenced by inputs and feedback on multiple time scales, may
be sufficient to give rise to 1 / f scaling and scale invariance. Two examples of physiologic signals that are the
output of hierarchical multiscale physiologic systems under neural control are the human heartbeat and human
gait. Here we show that while both cardiac interbeat interval and gait interstride interval time series under
healthy conditions have comparable 1 / f scaling, they still may belong to different complexity classes. Our
analysis of the multifractal scaling exponents of the fluctuations in these two signals demonstrates that in
contrast to the multifractal behavior found in healthy heartbeat dynamics, gait time series exhibit less complex,
close to monofractal behavior. Further, we find strong anticorrelations in the sign and close to random behavior
for the magnitude of gait fluctuations at short and intermediate time scales, in contrast to weak anticorrelations
in the sign and strong positive correlation for the magnitude of heartbeat interval fluctuations—suggesting that
the neural mechanisms of cardiac and gait control exhibit different linear and nonlinear features. These findings
are of interest because they underscore the limitations of traditional two-point correlation methods in fully
characterizing physiological and physical dynamics. In addition, these results suggest that different mecha-
nisms of control may be responsible for varying levels of complexity observed in physiological systems under
neural regulation and in physical systems that possess similar 1 / f scaling.

DOI: 10.1103/PhysRevE.79.041920 PACS number�s�: 87.10.�e, 87.19.Hh, 05.45.Tp, 05.40.�a

I. INTRODUCTION

Many dynamic systems generate outputs with fluctuations
characterized by 1 / f-like scaling of the power spectra, S�f�,
where f is the frequency. These fluctuations are often asso-
ciated with nonequilibrium dynamic systems possessing
multiple degrees of freedom �1,2�, rather than being the out-
put of a classic “homeostatic” process �3–5�. It is generally
assumed that the presence of many components interacting
over a wide range of time or space scales could be the reason
for the 1 / f spectrum in the fluctuations �6,7�. Fluctuations
exhibiting 1 / f-like behavior are often termed “complex,”
since they obey a scaling law indicating a hierarchical fractal
organization of their frequency �time scale� components
rather than being dominated by a single frequency. 1 / f be-
havior is common in a variety of physical, biological, and
social systems �7–15�. The ubiquity of the 1 / f scale-
invariant phenomenon has triggered in recent years the de-
velopment of generic mechanisms describing complex sys-
tems, independent of their particular context, in order to
understand the “unifying” features of these systems �16–19�.

To evaluate whether fluctuations in signals generated by
integrated physiological systems exhibit the same level of

complexity, we analyze and compare the time series gener-
ated by two physiologic control systems under multiple-
component integrated neural control—the human gait and
the human heartbeat. We chose these two particular examples
because human gait and heartbeat control share certain fun-
damental properties, e.g., both originate in oscillatory cen-
ters. In the case of the heart, the pacemaker is located in the
sinus node in the right atrium �20�. For gait, pacemakers
called central pattern generators are thought to be located in
the spinal cord �21�.

However, these two systems are distinct suggesting pos-
sible dynamical differences in their output. For example,
heartbeat fluctuations are primarily controlled by the invol-
untary �autonomic� nervous system. In contrast, while the
spontaneous walking rhythm is an automaticlike process,
voluntary inputs play a major role. Further, gait control re-
sides in the basal ganglia and related motor areas of the
central nervous system, while the heartbeat is controlled by
the sympathetic and parasympathetic branches of the auto-
nomic nervous system �20,22�.

Previous studies show comparable two-point linear corre-
lations and 1 / f power spectra in heart rate �23–27� and hu-
man gait �28–31� suggesting that differences in physiologic
control may not be manifested in beat-to-beat and interstride
interval fluctuations. Recent studies focusing on higher order
correlations and nonlinear properties show that the human*Corresponding author; plamen@buphy.bu.edu
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heartbeat exhibits not only 1 / f fractal but also multifractal
properties �32�. Since multifractal signals require many scal-
ing indices to fully characterize their scaling properties, they
may be considered to be more complex than those character-
ized by a single fractal dimension such as classical 1 / f noise.
Although the origins of the multifractal features in heartbeat
dynamics are not yet understood, there is evidence that they
relate to the complex intrinsic neuroautonomic regulation of
the heart �32,33�. Human gait, e.g., free unconstrained walk-
ing, is also a physiological process regulated by complex
hierarchical feedback mechanisms involving supraspinal in-
puts �21�. Moreover, recent findings indicate that the scaling
properties of gait fluctuations relate to neural centers on the
higher supraspinal level rather than to lower motor neurons
or environmental inputs �34,35�. Thus, it would be natural to
hypothesize that the fluctuations in healthy unconstrained hu-
man gait exhibit similar fractal and multifractal features as
heartbeat fluctuations, and that human gait dynamics may
belong to the same “complexity class” as cardiac dynamics.

We employ two techniques—magnitude and sign decom-
position analysis �36,37�, and multifractal analysis
�38,39�—to probe long-term nonlinear features, and to com-
pare the levels of complexity in heartbeat and interstride in-
terval fluctuations. To this end, we analyze interstride inter-
val time series from ten young healthy men �mean age 22
years� with no history of neuromuscular disorders �40�. Sub-
jects walked continuously for 1 h at a self-selected usual
pace on level ground around a flat, obstacle-free, approxi-
mately oval, 400 m long path. The interstride interval was
measured using a ground reaction force sensor—ultrathin
force-sensitive switches were taped inside one shoe and data
were recorded on an ambulatory recorder using a previously
validated method �41�. We compare the results of our gait
analysis with results we have previously obtained
�32,36,42,43� from 6-h-long heartbeat interval records from
18 healthy individuals �13 female and 5 male, mean age 34
years� during daily activity �12:00 to 18:00� �40�.

As described below, we systematically compare the scal-
ing properties of the fluctuations in human gait with those in
the human heartbeat using power spectral analysis, detrended
fluctuation analysis �DFA�, magnitude, and sign decomposi-
tion analysis, and wavelet-based multifractal analysis, and
we quantify linear and nonlinear features in the data over a
range of time scales.

II. METHODS

A. DFA

The DFA method was developed because conventional
fluctuation analyses such as power spectral, R/S and Hurst
analysis cannot be reliably used to study nonstationary data
�44–48�. One advantage of the DFA method is that it allows
the detection of long-range power-law correlations in noisy
signals with embedded polynomial trends that can mask the
true correlations in the fluctuations of a signal. The DFA
method has been successfully applied to a wide range of
research fields in physics �49–52�, biology �53–56�, and
physiology �57–60�.

The DFA method involves the following steps �44�:

�i� Given the original signal s�i�, where i=1, . . . ,Nmax and
Nmax is the length of the signal, we first form the profile
function y�k���i=1

k �s�i�− �s��, where �s� is the mean. One
can consider the profile y�k� as the position of a random walk
in one dimension after k steps.

�ii� We divide the profile y�k� into nonoverlapping seg-
ments of equal length n.

�iii� In each segment of length n, we fit y�k�, using a
polynomial function of order � which represents the polyno-
mial trend in that segment. The y coordinate of the fit line in
each segment is denoted by yn�k�. Since we use a polynomial
fit of order �, we denote the algorithm as DFA-�.

�iv� The profile function y�k� is detrended by subtracting
the local trend yn�k� in each segment of length n. In DFA-�,
trends of order �−1 in the original signal are eliminated.
Thus, comparison of the results for different orders of DFA-�
allows us to estimate the type of polynomial trends in the
time series s�i�.

�v� For a given segment of length n, the root-mean-square
�rms� fluctuation for this integrated and detrended signal s�i�
is calculated:

F�n� �	 1

Nmax
�
k=1

Nmax

�y�k� − yn�k��2. �1�

�vi� Since we are interested in how F�n� depends on the
segment length, the above computation is repeated for a
broad range of scales n.

A power-law relation between the average root-mean-
square fluctuation function F�n� and the segment length n
indicates the presence of scaling:

F�n� 
 n�. �2�

Thus, the DFA method can quantify the temporal organiza-
tion of the fluctuations in a given signal s�i� by a single
scaling exponent �—a self-similarity parameter which rep-
resents the long-range power-law correlation properties of
the signal. If �=0.5, there is no correlation and the signal is
uncorrelated �white noise�; if ��0.5, the signal is anticorre-
lated; if ��0.5, the signal is correlated. The larger the value
of �, the stronger the correlations in the signal.

For stationary signals with scale-invariant temporal orga-
nization, F�n� is related to the Fourier power spectrum S�f�
and to the autocorrelation function C�n�. For such signals,

S�f� 
 f−�, where �� = 2� − 1� �3�

and � is the DFA scaling exponent �Eq. �2�� �44�. Thus,
signals with 1 / f scaling in the power spectrum �i.e., �=1�
are characterized by DFA exponent �=1. If 0.5���1, the
correlation exponent � describes the decay of the autocorre-
lation function:

C�n� � �s�i�s�i + n�� 
 n−�, where �� = 2 − 2�� . �4�

B. Magnitude and sign decomposition method

Fluctuations in the dynamical output of physical and
physiological systems can be characterized by their magni-
tude �absolute value� and their direction �sign�. These two
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quantities reflect the underlying interactions in a given
system—the resulting “force” of these interactions at each
moment determines the magnitude and the direction of the
fluctuations. To assess the information contained in these
fluctuations, the magnitude and sign decomposition method
was introduced �36,37�. This method involves the following
steps:

�i� Given the original signal s�i� we generate the incre-
ment series, �s�i��s�i+1�−s�i�.

�ii� We decompose the increment series into a magnitude
series ��s�i�� and a sign series sign��s�i��.

�iii� To avoid artificial trends we subtract from the mag-
nitude and sign series their average.

�iv� We then integrate both magnitude and sign series,
because of limitations in the accuracy of the DFA method for
estimating the scaling exponents of anticorrelated signals
���0.5�.

�v� We perform a scaling analysis using second-order de-
trended fluctuation analysis �DFA-2� on the integrated mag-
nitude and sign series.

�vi� To obtain the scaling exponents for the magnitude and
sign series, we measure the slope of F�n� /n on a log-log plot,
where F�n� is the root-mean-square fluctuation function ob-
tained using DFA-2 and n is the scale.

Fluctuations following an identical 1 / f scaling law can
exhibit different types of correlations for the magnitude and
the sign—e.g., a signal with anticorrelated fluctuations can
exhibit positive correlations in the magnitude. Positive cor-
relations in the magnitude series indicate that an increment
with large magnitude is more likely to be followed by an
increment with large magnitude. Anticorrelations in the sign
series indicate that a positive increment in the original signal
is more likely to be followed by a negative increment. Fur-
ther, positive power-law correlations in the magnitude series
indicate the presence of long-term nonlinear features in the
original signal, and relate to the width of the multifractal
spectrum �37�. In contrast, the sign series relates to the linear
properties of the original signal �37�. The magnitude and sign
decomposition method is suitable to probe nonlinear proper-
ties in short nonstationary signals, such as 1 h interstride
interval time series.

C. Wavelet-based multifractal analysis

Previously, analyses of the fractal properties of physi-
ologic fluctuations revealed that the behavior of healthy,
free-running physiologic systems may often be characterized
as 1 / f-like �19,23–27,29,35,41,61–72�. Monofractal signals
�such as classical 1 / f noise� are homogeneous, i.e., they have
the same scaling properties throughout the entire signal
�73–75�. Monofractal signals can therefore be indexed by a
single exponent: the Hurst exponent H �76�.

On the other hand, multifractal signals are nonlinear and
inhomogeneous with local properties changing with time.
Multifractal signals can be decomposed into many subsets
characterized by different local Hurst exponents h, which
quantify the local singular behavior and relate to the local
scaling of the time series. Thus, multifractal signals require
many exponents to fully characterize their properties �77�.

The multifractal approach, a concept introduced in the con-
text of multiaffine functions �78–81�, has the potential to
describe a wide class of signals more complex than those
characterized by a single fractal dimension.

The singular behavior of a signal s�t� at time t0 — �s�t�
− Pn�t��
�t− t0�h�t0� for t→ t0—is characterized by the local
Hurst exponent h�t0� where n�h�t0��n+1 and Pn�t� is a
polynomial fit of order n. To avoid an ad hoc choice of the
range of time scales over which the local Hurst exponent h is
estimated, and to filter out possible polynomial trends in the
data which can mask local singularities, we implement a
wavelet-based algorithm �39�. Wavelets are designed to
probe time series over a broad range of scales and have re-
cently been successfully used in the analysis of physiological
signals �82–90�. In particular, recent studies have shown that
the wavelet decomposition reveals a robust self-similar hier-
archical organization in heartbeat fluctuations, with bifurca-
tions propagating from large to small scales �43,91,92�. To
quantify hierarchical cascades in gait dynamics and to avoid
inherent numerical instability in the estimate of the local
Hurst exponent, we employ a “mean-field” approach—a con-
cept introduced in statistical physics �1�—which allows us to
probe the collective behavior of local singularities through-
out an entire signal and over a broad range of time scales.

We study the multifractal properties of interstride interval
time series by applying the wavelet transform modulus
maxima �WTMM� method �38,39,93� that has been proposed
as a mean-field generalized multifractal formalism for fractal
signals. We first obtain the wavelet coefficient at time t0 from
the continuous wavelet transform defined as

Wa�t0� � a−1�
t=1

N

s�t����t − t0�/a� , �5�

where s�t� is the analyzed time series, � is the analyzing
wavelet function, a is the wavelet scale �i.e., time scale of the
analysis�, and N is the number of data points in the time
series. For � we use the third derivative of the Gaussian, thus
filtering out up to second-order polynomial trends in the
data. We then choose the modulus of the wavelet coefficients
at each point t in the time series for a fixed wavelet scale a.

Next, we estimate the partition function

Zq�a� � �
i

�Wa�t��q, �6�

where the sum is only over the maxima values of �Wa�t��, and
the powers q take on real values. By not summing over the
entire set of wavelet transform coefficients along the time
series at a given scale a but only over the wavelet transform
modulus maxima, we focus on the fractal structure of the
temporal organization of the singularities in the signal �93�.

We repeat the procedure for different values of the wave-
let scale a to estimate the scaling behavior

Zq�a� 
 a	�q�. �7�

Analogous to what occurs in scale-free physical systems, in
which phenomena controlled by the same mechanism over
multiple time scales are characterized by scale-independent
measures, we assume that the scale-independent measures,
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	�q�, depend only on the underlying mechanism controlling
the system. Thus, by studying the scaling behavior of
Z�a ,q�
a	�q� we may obtain information about the self-
similar �fractal� properties of the mechanism underlying gait
control.

For certain values of the powers q, the exponents 	�q�
have familiar meanings. In particular, 	�2� is related to the
scaling exponent of the Fourier power spectra, S�f�
1 / f�,
as �=2+	�2� �39�. For positive q, Zq�a� reflects the scaling
of the large fluctuations and strong singularities in the signal,
while for negative q, Zq�a� reflects the scaling of the small
fluctuations and weak singularities �74,77,94�. Thus, the
scaling exponents 	�q� can reveal different aspects of the
underlying dynamics.

In the framework of this wavelet-based multifractal for-
malism, 	�q� is the Legendre transform of the singularity
spectrum D�h� defined as the Hausdorff dimension of the set
of points t in the signal s�t� where the local Hurst exponent is
h. Homogeneous monofractal signals—i.e., signals with a
single local Hurst exponent h —are characterized by linear
	�q� spectrum:

	�q� = qH − 1, �8�

where H�h=d	�q� /dq is the global Hurst exponent. On the
contrary, a nonlinear 	�q� curve is the signature of nonhomo-
geneous signals that display multifractal properties—i.e., h�t�
is a varying quantity that depends upon t.

III. RESULTS

In Fig. 1 we show two example time series: �i� an inter-
stride interval time series from a typical healthy subject dur-
ing �1 h �N=3000 steps� of unconstrained normal walking
on a level, obstacle-free surface �Fig. 1�a�� �40�; �ii� consecu-
tive heartbeat intervals from �1 h �N=3000 beats� record of

a typical healthy subject during daily activity �Fig. 1�b��
�40�. Both time series exhibit irregular fluctuations and non-
stationary behavior characterized by different local trends; in
fact it is difficult to differentiate between the two time series
by visual inspection.

We first examine the two-point correlations and scale-
invariant behavior of the time series shown in Fig. 1. Power
spectra S�f� of the gait and heartbeat time series �Fig. 2�
indicate that both processes are described by a power-law
relation S�f�
1 / f� over more than 2 decades, with exponent
��1. This scaling behavior indicates self-similar �fractal�
properties of the data over a broad range of time scales,
suggestive of an identical level of complexity as quantified
by this linear measure. We obtain similar results for the in-
terstride interval time series from all subjects in our gait
database: �=0.9
0.08 �group mean 
 std. dev.� in agree-
ment with previous results �35�.

A. DFA

Next, to quantify the degree of correlation in the inter-
stride and heartbeat fluctuations we apply the DFA method,
which also provides a linear measure: plots of the root-mean-
square fluctuation function F�n� vs time scale n �measured in
stride or beat number� from a second-order DFA analysis
�DFA-2� �44–46� indicate the presence of long-range power-
law correlations in both gait and heartbeat fluctuations �Fig.
3�a��. The scaling exponent ��0.95 for the heartbeat signal,
shown in Fig. 1�b�, is very close to the exponent ��0.9 for
the interstride interval signal, shown in Fig. 1�a�, estimated
over the scaling range 6�n�600, where nmax�N /5=600 is
the maximal time scale for which the DFA scaling analysis is
reliable �45,46�. We obtain similar results for the remaining
subjects: �=0.87
0.03 �group mean 
 std. dev.� for the
gait data �in agreement with �35�� and �=1.01
0.06 for the
heartbeat data �in agreement with �42��. The results of both
power spectral analysis and the DFA method indicate that
gait and heartbeat time series have similar scale-invariant
properties suggesting certain parallels in the underlying
mechanisms of neural regulation.

B. Magnitude and sign decomposition method

To probe for long-term nonlinear features in the dynamics
of interstride intervals we employ the magnitude and sign
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FIG. 1. Representative records of �a� interstride interval �ISI�
time series from a healthy subject and �b� consecutive heartbeat
�RR� intervals from a healthy subject.
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FIG. 2. �Color online� Power spectra of the gait ISI series ���
and heartbeat RR series ��� displayed in Fig. 1, indicating a similar
1 / f-type behavior.
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decomposition analysis �36,37�. Previous studies have dem-
onstrated that information about the nonlinear properties of
heartbeat dynamics can be quantified by long-range power-
law correlations in the magnitude of the increments in heart-
beat intervals �36�. Further, positive correlations in the mag-

nitude are associated with nonlinear features in the
underlying dynamics. In contrast, linear signals are charac-
terized by an absence of correlations �random behavior� in
the magnitude series. To quantify the correlations in the mag-
nitude of the interstride increments we apply the DFA-2
method to the gait data displayed in Fig. 1�a�. Our results
show that the magnitude series of the interstride increments
exhibits close to random behavior with correlation exponent
�mag�0.5 �denoted by ��� in Fig. 3�b�� suggesting linear
properties of the underlying dynamics. In contrast, for the
heartbeat data displayed in Fig. 1�b�, we find that the mag-
nitude series of the interbeat interval fluctuations exhibits
strong positive correlations over more than two decades
characterized by exponent �mag�0.7 �denoted by ��� in Fig.
3�b�� suggesting nonlinear features in cardiac control. Thus,
the striking difference in the magnitude correlations of gait
and heartbeat dynamics �both of which are under multilevel
neural control� raises the possibility that these two physi-
ologic processes belong to different classes of complexity
whereby the neural regulation of the heartbeat is inherently
more nonlinear, over a range of time scales, than the neural
mechanism of gait control. Our observation of a low degree
of nonlinearity in the gait time series is supported by the
remaining subjects in the group: over time scales 6�n
�600, we obtain exponent �mag=0.51
0.03 �group mean 

std. dev.� for the gait time series, which is significantly lower
than the corresponding exponent �mag=0.71
0.09 obtained
for the heartbeat data �p=2.7�10−7, by the Student’s t test�.
We note however, in the short-range region for time scales
6�n�16 we obtain a group average exponent �mag
=0.62
0.05 for the gait data, and �mag=0.57
0.12 for the
heartbeat data �Table I�, indicating a very similar �and rela-
tively low� degree of nonlinearity in both gait and cardiac
dynamics at short time scales of up to �15 s �with p
−value=0.16 by the Student’s t test�. This nonlinear behavior
changes significantly at intermediate and large time scales,
where cardiac dynamics is characterized by a high degree of
nonlinearity ��mag�0.8�, in contrast to gait dynamics which
exhibits practically linear behavior ��mag�0.5� �see Table I�.

To further test for nonlinear features in the mechanisms of
neural control generating heartbeat and gait dynamics we
perform a Fourier phase-randomization surrogate test
�95,96�. We first perform a Fourier transform of the original
data. Next we eliminate the nonlinearity in the data by ran-
domizing the Fourier phases while preserving the Fourier
coefficients, and thus keeping the linear properties �power
spectrum and correlation� of the original signal unchanged.
An inverse Fourier transform leads to a linearized surrogate
signal with identical correlations as in the original data.

The results of Fourier phase-randomization test for gait
and heartbeat data are shown in Fig. 3. While the DFA scal-
ing curves remain as expected, unchanged after the test for
both gait and heartbeat signals �Fig. 3�a�, open symbols�, the
scaling curve for the magnitude of heartbeat fluctuations
changes dramatically to ��0.5, in contrast to the gait data,
where the magnitude scaling curve remains practically un-
changed �Fig. 3�b�, open symbols�. These findings confirm
our results from the magnitude analysis indicating that the
multilevel neural control mechanism of gait surprisingly gen-
erates close to linear dynamics.
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FIG. 3. �Color online� Plots of the root-mean-square fluctuation
function F�n� vs time scale n �measured in interstride or heartbeat
number� from second-order DFA-2 analysis for �a� the gait ISI ���
and heartbeat RR ��� time series, �b� the magnitude series, and �c�
sign series of the interstride and heartbeat increments �ISI and
�RR. The results shown in �a�, �b�, and �c� are obtained for the gait
and heartbeat signals displayed in Figs. 1�a� and 1�b�. While both
gait and cardiac dynamics exhibit similar power-law and correla-
tions, the magnitude and sign series of interstride and heartbeat
increments in �b� and �c� follow significantly different scaling rela-
tions. Open symbols ��, �� represent the results of a Fourier
phase-randomization test indicating high degree of nonlinearity
��mag�0.7�0.5� in cardiac dynamics, in contrast to a linear behav-
ior ��mag�0.5� for gait dynamics.

LEVELS OF COMPLEXITY IN SCALE-INVARIANT … PHYSICAL REVIEW E 79, 041920 �2009�

041920-5



Previous studies have shown that the time series com-
posed of the sign of the consecutive increments in the origi-
nal signal contain information about the underlying dynam-
ics which is complementary and independent from the
original and the magnitude series �36,37,97,98�. Our DFA
scaling analysis of the sign series shows a complex and sig-
nificantly different behavior for heartbeat and gait dynamics.
A very strong anticorrelated behavior at small time scales
with �sign�0.05 is followed by a crossover to much weaker
anticorrelations with �sign�0.45 as shown in Fig. 3�c� for
the gait data displayed in Fig. 1�a�. This is in contrast to the
scaling behavior of the heartbeat sign series, which exhibits
weak anticorrelations ��sign�0.45� at both short and long
time scales with a crossover region at intermediate scales
�Fig. 3�c��. These observations are supported by the remain-
ing subjects in the group: over time scales 6�n�16, we
obtain exponent �sign=0.05
0.03 �group mean 
 std. dev.�
for gait, which is significantly different from the correspond-
ing exponent �sign=0.45
0.13 for heartbeat data �p−value
=10−9 by the Student’s t test�. At long time scales of n
�100 both interstride and heartbeat intervals are character-
ized by a group average exponent �sign=0.45 with a p
−value=0.46 by the Student’s t test �see Table I�.

Further, our analysis of the sign series from surrogate data
obtained after Fourier phase randomization of the original
gait and heartbeat signals indicates no change in the scaling
behavior �Fig. 3�c�, open symbols�, suggesting that, in con-
trast to the magnitude series, correlations in the sign series
reflect linear properties in the original data.

Our DFA, and magnitude and sign decomposition analy-
ses show a consistent scaling behavior of gait dynamics for
all 10 subjects in our database. All individual scaling curves

for the interstride interval signals, magnitude and sign series
practically collapse onto a single curve �Fig. 4�a��. To further
test the validity of our results for gait dynamics, and that
they indeed represent the internal mechanics of gait control,
and are not an artifact of external/random factors of the en-
vironment, we have segmented each 1 h gait recording into
10 min segments, and have separately analyzed each seg-
ment. While the average gait rate and standard deviation
change for different segments with some subjects reporting a
certain degree of fatigue or tiredness near the end of the
recording, our results demonstrate a remarkable stability of
the scaling results with no statistically significant change in
the exponent �, �mag, and �sign for different segments �Fig.
4�b��.

C. Wavelet-based multifractal analysis

To further test the long-term nonlinear features in gait
dynamics we study the multifractal properties of interstride

TABLE I. Results of the DFA analysis of the original gait ISI
and heartbeat RR interval signals, and the magnitude and sign of
interstride and heartbeat interval increments, �ISI and �RR for 1 h
gait recordings from ten healthy subjects and 6 h ECG recordings
from 18 healthy subjects. We calculate the scaling exponents � over
a broad range of time scales 6�n�600, as well as in three differ-
ent regions: �i� the short-range regime for time scales 6�n�16
with scaling exponent �1, �ii� the intermediate regime for time
scales 16�n�64 with scaling exponent �2, �iii� and the long-range
regime for time scales 64�n�600 with scaling exponent �3. For
each measure, the group average 
1 standard deviation is
presented.

Measure Original Magnitude Sign

Gait

� 0.87
0.03 0.51
0.03 0.41
0.05

�1 0.71
0.08 0.62
0.05 0.05
0.03

�2 0.84
0.06 0.53
0.07 0.40
0.03

�3 0.89
0.06 0.50
0.08 0.48
0.12

Heartbeat

� 1.01
0.06 0.71
0.09 0.35
0.03

�1 1.34
0.22 0.57
0.12 0.45
0.13

�2 0.97
0.12 0.67
0.09 0.23
0.08

�3 1.02
0.10 0.80
0.12 0.45
0.05
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FIG. 4. �Color online� DFA-2 analysis of the gait interstride
intervals �ISI� series, the magnitude series ��ISI� and the sign series
sign��ISI� for �a� all ten subjects in our database and �b� six 10 min
segments of a 1 h recording from one individual subject. A consis-
tent scaling behavior is observed for all subjects as well as for
different segments from individual recordings despite certain differ-
ences in the average and standard deviation of ISI among subjects
and across segments.
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time series. We apply the WTMM method �39,93�—a
“mean-field” type approach to quantify the fractal organiza-
tion of singularities in the signal. We characterize the multi-
fractal properties of a signal over a broad range of time
scales by the multifractal spectrum 	�q�. Gait and heartbeat
time series contain densely packed, nonisolated singularities
which unavoidably affect each other in the time-frequency
decomposition. Therefore, rather than evaluating the distri-
bution of the inherently unstable local singularity exponents
�14,43��, we estimate the scaling of an appropriately chosen
global measure: the q moments of the probability distribution
of the maxima of the wavelet transform Zq�a� �using the
third derivative of the Gaussian function as the analyzing
wavelet�.

We first examine the time series shown in Fig. 1. For the
gait time series, we obtain a 	�q� spectrum which is practi-
cally a linear function of the moment q suggesting that the
gait dynamics exhibit monofractal properties �Figs. 5�a� and
5�c��. This is in contrast with the nonlinear 	�q� spectrum for
the heartbeat signal �Figs. 5�b� and 5�c�� which is indicative
of nonlinear multifractal behavior �38,39�. Further, when
analyzing the remaining interstride interval recordings, we
find close to linear 	�q� spectra for all subjects in the gait
group �Fig. 6�a��. Calculating the group averaged 	�q� spec-
tra we find clear differences: multifractal behavior for the
heartbeat dynamics and practically monofractal behavior for
the gait dynamics �Fig. 6�b��. Specifically, we find significant
differences between the gait and heartbeat 	�q� spectra for
negative values of the moment q; for positive values of q, the
scaling exponents 	�q� take on similar values. This is in
agreement with the similarity in power spectral and DFA
scaling exponents for gait and heartbeat data, which corre-
spond to 	�q=2� �Fig. 3�. However, the heartbeat 	�q� spec-
trum is visibly more curved for all moments q compared
with the gait 	�q� spectrum which may be approximately fit
by a straight line, indicative of a low degree of nonlinearity
in the interstride time series. Thus, our results show consis-
tent differences between the nonlinear and multifractal prop-
erties of gait and heartbeat time series.

Previous studies have shown that reducing the level of
physical activity under a constant routine protocol does not
change the multifractal features of heartbeat dynamics, while
blocking the sympathetic or parasympathetic tone of the neu-
roautonomic regulation of the heart dramatically changes the
multifractal spectrum, thus suggesting that the observed fea-
tures in cardiac dynamics arise from the intrinsic mecha-
nisms of control �33�. Similarly, by eliminating polynomial
trends in the interstride interval time series corresponding to
changes in the gait pace using DFA and wavelet analyses, we
find scaling features which remain invariant among individu-
als. Therefore, since different individuals experience differ-
ent extrinsic factors, the observed lower degree of nonlinear-
ity �as measured by the magnitude scaling exponent� and the
close-to-monofractal behavior (characterized by practically
linear 	�q� spectrum) appear to be a result of the intrinsic
mechanisms of gait regulation. These observations suggest
that while both gait and heartbeat dynamics arise from layers
of neural control with multiple component interactions, and
exhibit temporal organization over multiple time scales, they
nonetheless belong to different complexity classes. While
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FIG. 5. �Color online� Multifractal analysis: Scaling of the par-
tition function Zq�a� of the wavelet-transform modulus maxima ob-
tained using the third derivative of the Gaussian as a wavelet func-
tion for �a� an individual ISI gait recording, and �b� an individual
RR heartbeat recording. �c� Multifractal spectrum 	�q� for the indi-
vidual records shown in �a� and �b�, where 	 is a scaling index
associated with different moments q �Eq. �7��. A monofractal signal
corresponds to a straight line for 	�q�, while for multifractal signals
	�q� is a nonlinear function of q. Thus, our results indicate
multifractal/nonlinear behavior in heartbeat dynamics in contrast to
monofractal/linear behavior in gait. Note that the values of 	�q
=2� for both gait and heartbeat time series are very close, in agree-
ment with our findings based on DFA-2 correlation analysis �Fig.
3�a��.
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both gait and heartbeat dynamics may be a result of compet-
ing inputs interacting through multiple feedback loops, dif-
ferences in the nature of these interactions may be imprinted
in their nonlinear and multifractal features: namely, our find-
ings suggest that while these interactions in heartbeat dy-
namics are of a nonlinear character and are represented by
Fourier phase correlations encoded in the magnitude scaling
and the multifractal spectrum, feedback mechanisms of gait
dynamics lead to decreased interactions among the Fourier
phases.

D. Further validation of gait results

These findings are supported by our analysis of a second
group of gait subjects. We analyze interstride intervals from

an additional group of seven young healthy subjects �six
male, one female, mean age 28 years� recorded using a por-
table accelerometer �100�. Subjects walked continuously for
�1 h at a self-selected pace on an unconstrained outdoor
walking track in a park environment allowing for slight
changes in elevation and obstacles related to pedestrian traf-
fic. The stride interval time series in this case were obtained
from peak-to-peak intervals in the accelerometer signal out-
put in the direction of the subjects’ vertical axis. The accel-
erometer device we used �9�6�2 cm, weight 140 g� was
developed by Sharp Co. The device, attached to subjects’
back, measures the vertical and anteroposterier acceleration
profile during walking. The output signals are digitized at a
sampling frequency of 103 Hz, and are stored on a memory
card. When the subjects’ heel strikes the ground, a clear peak
in the acceleration along the vertical axis is recorded. The
positions of these peaks in time are also verified indepen-
dently through matching steepest points in the anteropos-
terier acceleration signal output. Our analysis indicates a
compatibility of the ground reaction force sensor, used for
the gait recordings of the first group �40,41�, with the accel-
erometer device used for the second group �100�, as well as
a strong correlation between the outputs of the two devices.

We find that for the second gait group the two-point cor-
relation exponent �=0.90
0.1 �group mean 
 std. dev.�, as
measured by the DFA-2 method in the range of time scales
6�n�600 is similar to the group average exponent of the
first gait group ��=0.87
0.03� and also to the heartbeat
data ��=1.01
0.08�. In contrast, we find again a signifi-
cantly lower degree of nonlinearity, as measured by the
group average magnitude exponent �mag=0.57
0.04 in the
range of time scales 6�n�600 and by the 	�q� spectrum,
compared with heartbeat dynamics �mag=0.71
0.06 �p
=1.3�10−3, by the Student’s t test�. On the other hand, the
group averaged value of �mag=0.57
0.04 for the second
gait group is slightly higher compared to �mag=0.51
0.03
for the first gait group, and this is associated with slightly
stronger curvature in the 	�q� spectrum for the second gait
group. This may be attributed to the fact that the second
group walked in a natural park environment where obstacles,
changes in elevation and pedestrian traffic may possibly re-
quire the activation of higher neural centers of gait control.

To test to what extent our results depend on the order of
polynomial detrending used in the DFA method, we have
repeated our analyses using different orders DFA: DFA-1
which removes constant trends in the analyzed signal, DFA-2
which removes both constant and linear trends, and DFA-3
removing constant, linear and quadratic trends. While there
is a measurable difference in the results for the scaling ex-
ponent � obtained from DFA-1 compared to DFA-2 ��3%
difference, with higher values for � from DFA-1�, we find
practically identical results for the exponent � obtained from
DFA-2 and DFA-3 ��1% difference in ��, suggesting that
removing polynomial trends of second and higher order in
the recordings does not lead to significantly different scaling
results �see Fig. 7�. The same is also valid when wavelets
with higher than third-order derivatives of the Gaussian are
used for the multifractal analysis in Sec. III C.

The present results are related to a physiologically-based
model of gait control where specific interactions between
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FIG. 6. �Color online� Multifractal analysis: �a� Multifractral
spectra 	�q� for all ten subjects in our gait database �40� exhibit
close to linear dependence on the moment q, suggesting monofrac-
tal behavior, in contrast to the nonlinear 	�q� spectra reported for
heartbeat recordings �99�. �b� Group average multifractal spectra
	�q� for the gait and heartbeat subjects in our database �40�. The
results show a consistent monofractal �almost linear� behavior for
the gait time series, in contrast with the multifractal behavior of the
heartbeat data.
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neural centers are considered �12,13�. In this model a lower
degree of nonlinearity (and close-to-linear monofractal 	�q�
spectrum) reflects increased connectivity between neural
centers, typically associated with maturation of gait dynam-
ics in adults. The present results are also consistent with
studies that used a different approach to quantify the dynam-
ics of gait, based on estimates of the local Hurst exponents,
and reported only weak multifractality in gait dynamics
�14,15�.

IV. SUMMARY

In summary, we find that while the fluctuations in the
output of both gait and heartbeat processes are characterized

by similar two-point correlation properties and 1 / f-like
power spectra, they belong to different classes of
complexity—human gait fluctuations exhibit practically lin-
ear 	�q� spectrum and close to monofractal properties char-
acterized by a single scaling exponent, while heartbeat fluc-
tuations exhibit nonlinear multifractal properties, which in
physical systems have been connected with turbulence and
related multiscale phenomena �32,38,43,80,81,101�. Our
analyses indicate that while two systems—cardiac and loco-
motion, both under integrated neural control and with multi-
component feedback interactions over a range of time
scales—can be characterized by long-range power-law cor-
relations of 1 / f-type, other linear and nonlinear scaling fea-
tures of their dynamics can be markedly different. This study
demonstrates that different combinations of scaling behavior
for the magnitude and sign of the fluctuations can lead to
similar scaling behavior over a broad range of time scales in
the correlations of the fluctuations in the output of these
systems. Specifically, we find strong anticorrelations in the
sign and close to random behavior for the magnitude of gait
fluctuations at short and intermediate time scales, in contrast
to weak anticorrelations in the sign and strong positive cor-
relation for the magnitude of heartbeat interval
fluctuations—suggesting that, despite certain similarities,
these physiologic systems belong to different subclasses of
complexity.

We note that, our observations of higher than 0.5 values
for the gait magnitude exponent �mag�0.6 at short time
scales of up to 15 s �Table I� are in agreement with earlier
reports of slightly nonlinear/multifractal behavior in gait dy-
namics based on estimates of the local Hölder exponents
�14�. This slightly multifractal behavior at short time
scales—which may result from �i� the inherent instability of
nonisolated local singularities in gait fluctuations as quanti-
fied by the local Hölder exponents or �ii� may be intrinsically
related to local nonlinear Fourier-phase correlations in gait
dynamics—appears to be lost at time scales above 15 s,
where the global scaling exponent �mag�0.5 �Table I�, and
the multifractal spectrum 	�q� appears linear for different
moments q �Fig. 5�. Our observation of a transition in gait
dynamics from slightly nonlinear �at short time scales� to
linear/monofractal behavior �at long time scales� relates to
earlier empirical and modeling studies reporting �i� a de-
crease in long-term gait nonlinearity, as measured by �mag,
with maturation from childhood to adulthood, and �ii� that
this decrease in nonlinearity/multifractality with age may be
related to increased connectivity �i.e., ability to operate over
a broader range of frequency/time scales� among the central
pattern generators responsible for gait control at different
frequency modes �13�.

We further note that different mechanisms may be in-
volved in various aspects of locomotor control. For example,
in contrast to gait dynamics where we observe �mag�0.5
indicating linear behavior, our prior studies of forearm mo-
tion �102,103� show �mag�0.8, indicating high degree of
nonlinearity in wrist activity dynamics, although both gait
and wrist dynamics are characterized by identical long-range
power-law correlations with an exponent ��0.9
�12,13,102,103�. Thus, comparing the “mosaic” of scaling,
nonlinear, and multifractal measures of gait interstride inter-
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FIG. 7. �Color online� Results of DFA-l analysis with different
order l=1,2 ,3 of polynomial detrending for �a� gait and �b� heart-
beat data. Note that DFA-l removes trends of order up to �l−1� in
the time series. Considering the group average ����i of the differ-
ences ��1,2

i ��i�DFA−1�−�i�DFA−2�, where i indicates different
subjects, we obtain the following: for the original interstride signal
���1,2�i=0.03
0.03 and ���2,3�i=0.007
0.009, indicating that
the results obtained from DFA-2 and DFA-3 are not significantly
different. Thus, using higher order of polynomial detrending does
not change the scaling result, i.e., compared to constant and linear
trends, quadratic trends do not contribute significantly to the non-
stationarity of gait. These observations remain valid also for the
magnitude and sign scaling analysis as shown in �a� and �b�.
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vals with similar measures of other physiologic systems is
necessary for better understanding the dynamics of these sys-
tems and for further developing more adequate models of
integrated neural control �104–106�.

The findings reported here are of interest because they
underscore the limitations of traditional two-point correlation
methods in characterizing physiological and physical time
series. In addition, these results suggest that feedback on
multiple time scales is not sufficient to explain different
types of 1 / f scaling and scale invariance, and highlight the
need for the development of new models �107–110� that

could account for the scale-invariant outputs of different
types of feedback systems.
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Abstract

Many physical and physiological signals exhibit complex scale-invariant features characterized by 1/f

scaling and long-range power-law correlations, indicating a possibly common control mechanism.

Specifically, it has been suggested that dynamical processes, influenced by inputs and feedback on

multiple time scales, may be sufficient to give rise to 1/f scaling and scale invariance. Two examples of

physiologic signals that are the output of hierarchical multiscale physiologic systems under neural

control are the human heartbeat and human gait. Here we show that while both cardiac interbeat

interval and gait interstride interval time series under healthy conditions have comparable 1/f scaling,

they still may belong to different complexity classes. Our analysis of the multifractal scaling

exponents of the fluctuations in these two signals demonstrates that in contrast to the multifractal

behavior found in healthy heartbeat dynamics, gait time series exhibit less complex, close to

monofractal behavior. Further, we find strong anticorrelations in the sign and close to random

behavior for the magnitude of gait fluctuations at short and intermediate time scales, in contrast to

weak anticorrelations in the sign and strong positive correlation for the magnitude of heartbeat

interval fluctuations-suggesting that the neural mechanisms of cardiac and gait control exhibit

different linear and nonlinear features. These findings are of interest because they underscore the

limitations of traditional two-point correlation methods in fully characterizing physiological and

physical dynamics. In addition, these results suggest that different mechanisms of control may be

responsible for varying levels of complexity observed in physiological systems under neural

regulation and in physical systems that possess similar 1/f scaling.
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Abstract. In order to quantify the long-range cross-correlations between two time series qualitatively, we
introduce a new cross-correlations test QCC(m), where m is the number of degrees of freedom. If there
are no cross-correlations between two time series, the cross-correlation test agrees well with the χ2(m)
distribution. If the cross-correlations test exceeds the critical value of the χ2(m) distribution, then we say
that the cross-correlations are significant. We show that if a Fourier phase-randomization procedure is
carried out on a power-law cross-correlated time series, the cross-correlations test is substantially reduced
compared to the case before Fourier phase randomization. We also study the effect of periodic trends on
systems with power-law cross-correlations. We find that periodic trends can severely affect the quantitative
analysis of long-range correlations, leading to crossovers and other spurious deviations from power laws,
implying both local and global detrending approaches should be applied to properly uncover long-range
power-law auto-correlations and cross-correlations in the random part of the underlying stochastic process.

PACS. 05.45.Tp Time series analysis – 05.40.-a Fluctuation phenomena, random processes, noise,
and Brownian motion

There are a number of situations where different
signals exhibit cross-correlations, ranging from geo-
physics [1] to finance [2–14] and solid-state physics [15].
Cross-correlation functions together with auto-correlation
functions are commonly used to gain insight into the dy-
namics of natural systems. By their definitions, these tech-
niques should be employed only in the presence of station-
arity. However, it is an important fact that many time
series of physical, biological, hydrological, and social sys-
tems are non-stationary and exhibit long-range power-law
correlations [16–22]. In practice, statistical properties of
these systems are difficult to study due to these nonsta-
tionarities.

For determining the scaling exponent of a long-range
power-law auto-correlated time series in the presence
of nonstationarities, the detrended fluctuation analysis
(DFA) method has been developed [23] and its perfor-
mance has been systematically tested for the effect of
different types of trends and nonstationarities [24–27] as
encountered in a wide range of different fields, such as

a e-mail: bp@phy.hr

cardiac dynamics [28], economics [29], DNA analysis [30],
and meteorology [31]. The square root of the detrended
variance grows with time scale n as FDFA(n) ∼ nλDF A ,
where λDFA is the DFA scaling exponent [23–26], where
1/2 < λDFA < 1, indicates the presence of power-law
auto-correlations, and 0 < λDFA < 1/2 indicates the pres-
ence of long-range power-law anti-correlations.

There are many realistic situations in which one desires
to quantify cross-correlations between two non-stationary
time series. Examples include blood pressure and heart
rate [32], air temperature and air humidity, and the
temporal expression data of different genes. To quantify
power-law cross-correlations in non-stationary time series,
a new method based on detrended covariance, called de-
trended cross-correlations analysis (DCCA), has been re-
cently proposed [11]. If cross-correlations decay as a power
law, the corresponding detrended covariances are either al-
ways positive or always negative, and the square root of
the detrended covariance grows with time scale n as

FDCCA(n) ∝ nλDCCA , (1)

http://www.epj.org
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where λDCCA is the DCCA cross-correlation exponent. If,
however, the detrended covariance oscillates around zero
as a function of the time scale n, there are no long-range
cross-correlations.

In order to investigate power-law auto-correlations and
power-law cross-correlations and effects of sinusoidal peri-
odicity on cross-correlations, first we define a periodic two-
component fractionally autoregressive integrated moving-
average (ARFIMA) process [33–37], where each variable
depends not only on its own past, but also on the past
values of the other variable,

yi =

[
W

∞∑
n=1

an(ρ1)yi−n + (1 − W )
∞∑

n=1

an(ρ2)y′
i−n

]

+ A1 sin
(

2π

T
i

)
+ ηi, (2a)

y′
i =

[
(1 − W )

∞∑
n=1

an(ρ1)yi−n + W

∞∑
n=1

an(ρ2)y′
i−n

]

+ A2 sin
(

2π

T
i

)
+ η′

i. (2b)

Here, ηt and η′
t denote two independent and identically

distributed (i.i.d.) Gaussian variables with zero mean and
unit variance, aj(ρm) are statistical weights defined by
(ρm) ≡ Γ (j−ρm)

Γ (−ρm)Γ (1+j) , where Γ (x) denotes the Gamma
function, ρm (for m = 1, 2) are parameters ranging from 0
to 0.5, T is the sinusoidal period, A1 and A2 are two sinu-
soidal amplitudes, and W is a free parameter ranging from
0.5 to 1 and controlling the strength of power-law cross-
correlations between yt and y′

t. In case of A1 = A2 = 0, for
W = 1, cross-correlations vanish, and the system of two
equations decouples to two separate ARFIMA processes.

In Appendix A, for a version of the above process yi ≡∑∞
j=1 aj(ρ1)yi−j+ηi, y′

i ≡
∑∞

j=1 aj(ρ2)y′
i−j+ηi [11] where

both yi and y′
i share the same i.i.d. Gaussian process ηi,

we analytically find that the time series {yi} and {y′
i} are

long-range power-law cross-correlated, where the scaling
cross-correlations exponent λDCCA (Eq. (1)) is equal to
the average of the Hurst exponents, λDCCA = H1+H2

2 ,
the result found numerically in reference [11], and where
Hm = 0.5 + ρm [37].

Statistical inferences based on estimation and hypoth-
esis testing are among the most important aspects of the
decision making process in science and business. Here
we propose a new statistic to test the presence of cross-
correlations. Suppose that {yi} and {y′

i} are two discrete-
time i.i.d. stochastic processes, where there are no cross-
correlations among the time series. We may define their
cross-correlation function

Xi =
∑N

k=i+1 yky′
k−i√∑N

k=1 y2
k

∑N
k=1 y′2

k

. (3)

Under the assumption that {yi} and {y′
i} are statistically

independent, one can easily show that the Xi are uncor-

related [38]:

E(XiXi′) ∝
N∑

k=i+1

N∑
k′=i′+1

E(yky′
k−iyk′y′

k′−i′)

=
N∑

k=i+1

N∑
k′=i′+1

E(ykyk′)E(y′
k−iy

′
k′−i′), (4)

which is zero for i �= i′. The expectation value of X i is
equal to zero, E(Xi) = 0, because there are no cross-
correlations between {yi} and {y′

i}, and the variance is

V (Xi) = E(X2
i ) =

∑N
k=i+1

∑N
k′=i+1 E(yky′

k−iyk′y′
k′−i)∑N

k=1

∑N
k′=1 E(y2

k)E(y′2
k′ )

=

∑N
k=i+1

∑N
k′=i+1 E(ykyk′)E(y′

k−iy
′
k′−i)

σ2σ′2N2
, (5)

where we use E(ykyk′) = σ2δk,k′ and E(y′
ky′

k′) =

σ′2δk,k′ . Further, V (Xi) =
∑ N

k=i+1
∑ N

k′=i+1 δk,k′δk−i,k′−i

N2 =∑N
k=i+1 δk,k

N2 = N−i
N2 . Thus, we find that E(X2

i ) = N−i
N2 ,

where E(XiXi′) = 0 when i �= i′. The cross-correlation
coefficient Xk is normally distributed for asymptotically
large values of N [38], as it holds for auto-correlation
function rk [39]. Then Xi/

√
(N − i)/N2 asymptotically

behaves as a Gaussian distribution with zero mean and
unit variance, and the sum of squares of these variables
approximately follows a χ2 distribution.

According to definition of the χ2 distribution, we pro-
pose the cross-correlations statistic

QCC(m) ≡ N2
m∑

i=1

X2
i

N − i
, (6)

which is approximately χ2(m) distributed with m degrees
of freedom. The test can be used to test the null hypothesis
that none of the first m cross-correlation coefficients is
different from zero. The test of equation (6) is similar to
the test statistic [40]

Q′(m) ≡ N(N + 2)
m∑

i=1

X2
i

N − i
(7)

proposed in analogy to the Ljung-Box (LJB) test [41] that
is one of the most widely employed tests for the pres-
ence of auto-correlations. The Ljung-Box (LJB) test can
be easily obtained if all cross-correlation coefficients Xk in
equation (7) are replaced by auto-correlation coefficients.
Clearly, for larger samples where N(N + 2) ≈ N2, the
tests of equations (6) and (7) give the same distribution.

Next we show that the test of equation (6) better ap-
proximates the χ2(m) distribution than the test of equa-
tion (7) for small samples. In order to show that the cross-
correlation test of equation (6) is applicable to real-world
data where time series are commonly of small size, we test
the speed of convergence of the distribution of QCC(m)
to the χ2(m) distribution. Thus, we first generate 106
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Fig. 1. Probability distribution function (pdf) P (QCC) of QCC

defined in equation (6) together with the χ2(m) pdf, where m
are the degrees of freedom. We also show P (Q′) of Q′ defined
in equation (7). We generate 106 pairs of time series {yi} and
{y′

i}, where each time series is generated by an i.i.d. Gaussian
process with mean zero and unit variance. Each time series is
comprised of N = 20 data points (small time series). We choose
m = 8, and for each pair of time series we calculate the cross-
correlations Xi, where i = 1, ..., 8. We find a perfect match
between P (QCC(m)) and χ2(m). In opposite, the pdf of Q′

defined in equation (7) deviates from the χ2(m) distribution.
We also show the pdf of a test defined as N

∑m
i X2

i , which
substantially deviates from χ2(m).

equally-sized i.i.d. time series {yi} and {y′
i} for a small

value N = 20 where m = 8. For each pair of time series,
we calculate the cross-correlations Xk, where k = 1, ..., 8,
and then the test statistic QCC(m). In Figure 1 we show
the distribution of P (QCC(m)) together with χ2(8), and
find a perfect agreement between these two probability
distributions. We also show the distribution of the test
statistic of equation (7), where for a given small sample
(N = 20), deviation between the given distribution and
χ2(8) is obvious. Thus, when the cross-correlation test is
applied in practice, we can use the critical values of the
χ2(m) distribution.

Note that the LJB test and hence the cross-correlation
test of equation (6) is proposed to be applied for the
residuals of a given model, not the original time series.
However, sometimes the test is applied to the original se-
ries, e.g., return time series [42]. Accordingly, the cross-
correlation test of equation (6) can be also used to mea-
sure the strength of cross-correlations in the original time
series. In order to investigate cross-correlation scaling we
analyze the daily adjusted closing values of the IBM and
General Electric [43]. For each company’s price, we calcu-
late the time series of the differences of logarithms for
successive days over the period 2 January 1962 till 1
May 2009. Then we calculate the P value of the cross-
correlation test of equation (6) for different degrees of

0 10
2

10
3

10
3

10
3

10
3

 Degrees of freedom m

0

500

1000

1500

Q
cc

(m
)

χ2

Qcc(m)

Fig. 2. Cross-correlations between the differences of loga-
rithms of prices for IBM and General Electric (GE). We show
QCC(m) versus the degrees of freedom m. We also show the
critical values for the χ2(m) distribution at the 5% level of sig-
nificance. QCC(m) virtually follows the critical values for the
χ2(m) distribution that is a signal for no cross-correlations.
The test of equation (7) gives practically the same result as
the test of equation (6) since N � 1.

freedom m together with the critical values for the χ2(m)
distribution at the 5% level of significance. In Figure 2 we
find that the cross-correlation QCC test statistic practi-
cally follows the critical values for the χ2(m), suggesting
no cross-correlations in the data.

In opposite to a common practice in statistic when a
test statistic is compared with a critical value for a sin-
gle value of degree of freedom m, here in the paper we
plot the statistic test versus the critical value of χ2(m) for
a broad range of values of m. If for a broad range of m
the test statistic of equation (6) exceeds the critical val-
ues of χ2(m) (QCC(m) > χ2

0.95(m)), we claim that there
are not only cross-correlations, but there are long-range
cross-correlations. However, the cross-correlations test of
equation (6) should be used to test the presence of cross-
correlations only qualitatively. In order to test the presence
of cross-correlations quantitatively – to estimate the cross-
correlation exponent – we suggest to employ the DCCA
method of equation (1).

Next we show how the cross-correlation test of equa-
tion (6) might be useful to estimate the strength and sig-
nificance of cross-correlations found in data. By using the
two-component ARFIMA process of equations (2a, 2b),
we generate four different pairs of time series {yi} and
{y′

i}, where each pair is characterized by different values
of ρ, while W is constant. We exclude the periodic term
for now, so A1 = A2 = 0. In Figure 3 for each pair of time
series we show the cross-correlation test of equation (6)
(filled symbols) for different degrees of freedom m. In or-
der to show the strength of cross-correlations, for different
values of m, we also show the critical values of the χ2(m)
distribution at the 5% level of significance. We note that,
for a given value of m, the deviation between the test of
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Fig. 3. QCC(m) for different degrees of freedom m be-
fore (filled symbols) and after (open symbols) Fourier phase-
randomization of the QCC(m). For each of four values of ρ, the
two-component ARFIMA process of equations (2a, 2b) gen-
erates the pair of time series {yi} and {y′

i} where m = 2i,
and i = 2, ..., 8, and fixed W = 0.5. For the sinusoidal am-
plitude we take A1 = A2 = 0. The time series {yi} and {y′

i}
are N = 5 × 104 data points each. The solid line denotes the
critical values for the χ2(m) distribution at the 5% level of
significance. For each of four pairs ({yi}, {y′

i}), we calculate
the cross-correlations Xi, and the QCC(m) test statistic. The
more positive is the difference between the QCC(m) test and
the critical value of the χ2(m) distribution, the stronger are
the cross-correlations for a given m. For each value of ρ, we
phase randomize the original time series {y′

i}, and obtain the
surrogate time series {ỹ′

i}. Then for each pair of time series
({yi}, {ỹ′

i}), we calculate the QCC(m) test statistic of equa-
tion (6). We also show the critical values for χ2(m) distribution
at the 5% level of significance. Fourier phase-randomization re-
duces the linear cross-correlations, since after a Fourier phase-
randomization procedure (open symbols), we find that for
each pair ({yi}, {ỹ′

i}), the cross-correlations measured by the
QCC(m) test are substantially reduced – in fact, the cross-
correlations practically vanish for time series with smaller ρ
values.

equation (6) and the critical value of χ2(m) increases with
ρ, if W is kept fixed. We also note that, for each time se-
ries (specified by ρ), the test of equation (6) is larger than
the critical value of χ2(m) for a broad, but finite range
of m. We propose that, if for a broad range of values of
m the values of the test of equation (6) between the two
time series are larger than the critical values of the χ2(m)
distribution, the cross-correlations are considered signifi-
cant.

Often it is unclear to what degree the time series gener-
ated by a stochastic process exhibits linear and nonlinear
correlations. Linear (nonlinear) auto-correlations are de-
fined as those correlations which are not destroyed (are de-
stroyed) by a Fourier phase-randomization of the original
time series [28,44,45]. The Fourier phase-randomization

procedure [44] works as follows: (i) perform a Fourier
transform of the original time series; (ii) randomize the
Fourier phases (thereby eliminating the nonlinearities of
the original time series) but keep the Fourier amplitudes
unchanged (thereby preserving the power spectrum and
the linear properties of the original time series); and (iii)
perform an inverse Fourier transform to obtain a surrogate
time series.

For the four pairs of time series {yi} and {y′
i} of equa-

tions (2a, 2b), in Figure 3 we show the cross-correlations
test for different degrees of freedom after (open symbols)
performing Fourier phase-randomization. To emphasize
the impact of a phase randomization on cross-correlations
we also show the critical values of χ2(m) for different de-
grees of freedom. We show that after a Fourier phase-
randomization (open symbols) cross-correlations are re-
duced [10] – for each pair of time series and for each m,
the test is substantially reduced compared to the case be-
fore the Fourier phase randomization. Thus, while the
Fourier phase-randomization procedure preserves linear
auto-correlations [28,44], the same method substantially
reduces the linear cross-correlations.

We next discuss how to quantify the scaling expo-
nent of power-law cross-correlations between two time
series, and how it relates to the DFA exponents calcu-
lated for each of two cross-correlated time series, which
we generate by using the two-component process of equa-
tions (2a, 2b). Here, we assume there are no sinusoidal
trends, A1 = A2 = 0. In Figures 4a, 4b, the DFA func-
tions are given for each time series {yi} and {y′

i} of 105

data points and ρ1 = 0.4 and ρ2 = 0.1. We set the cross-
correlation coupling parameter to W = 0.95 (Fig. 4a) and
W = 0.05 (Fig. 4b). In each figure we show that both time
series {yi} and {y′

i} are power-law auto-correlated, and are
also power-law cross-correlated. From the definition of the
process of equations (2a, 2b) it is clear that with decreas-
ing value of W (from 1 to 0.05), each of the two processes
yi and y′

i becomes a mixture of two ARFIMA processes.
Particularly, for the process y′

i, the DFA correlation ex-
ponent λDFA virtually does not change with varying the
parameter W − λDFA ≈ 0.6 = 1/2 + ρ2 [46]. In contrast,
for the process yi, the DFA correlation exponent λDFA

gradually decreases from λDFA ≈ 0.9 = 1/2 + ρ1 (when
W = 1, not shown) toward λDFA ≈ 0.6 (when W = 1/2)
corresponding to the y′

i process [46].
Next we focus on the DCCA cross-correlation expo-

nent λDCCA. We show in Figures 4a, 4b that, by vary-
ing the cross-correlation coupling parameter W , λDCCA

follows the DFA exponent λDFA corresponding to the
yi process. By decreasing the value of W from W = 1
to W = 0.5, both the DFA correlation exponent λDFA

corresponding to the yi process and the DCCA cross-
correlation exponent λDCCA gradually decrease toward
λDFA ≈ 0.6. Generally, for different time series of the
process with parameters ρ1 and ρ2, where ρ1 > ρ2, we
find that λDCCA is closer to the DFA exponent λDFA cor-
responding to the yi process (larger ρ).

A necessary condition for power-law cross-correlations
with a unique power-law exponent is that FDCCA(n)
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Fig. 4. DFA and DCCA scaling functions FDFA(n) and
FDCCA(n), respectively, versus time scale n. We generate the
time series {yi} and {y′

i} defined by the two-component process
of equations (2a, 2b) with ρ1 = 0.4 and ρ2 = 0.1. We exclude
the sinusoidal amplitude, so A1 = A2 = 0. We show the two
DFA functions, FDFA(n) ∝ nλDF A , and the DCCA function,
FDCCA(n) ∝ nλDCCA , for (a) W = 0.95 and (b) W = 0.5.
The closer W is to 0.5, the more the two processes yi and y′

i

become alike. λDCCA gradually decreases toward λDF A ≈ 0.6.
Generally, by varying W , λDCCA becomes closer to λDF A cor-
responding to yi, but eventually the λDF A value corresponding
to yi tends to the λDF A value corresponding to y′

i.

does not change sign with increasing n, i.e. FDCCA(n) =
AnλDCCA where A is constant. To this end, we find that
the process of equations (2a, 2b) with W = 0.99 gen-
erates two particular time series {yi} and {y′

i} where
FDCCA(n) versus n starts to oscillate, indicating the loss of
a unique power-law dependence. Thus, even though there
are cross-correlations between {yi} and {y′

i}, the cross-
correlations are weak because the cross-correlations cou-
pling parameter W is close to 1. For the limiting case
W = 1, the processes yi and y′

i are decoupled, and thus
not cross-correlated, and each of two processes yi and y′

i

10
0

10
1

10
2

10
3

10
4

Degrees of freedom m

10
0

10
1

10
2

10
3

10
4

Q
C

C
(m

) 

W= 0.5
W = 0.9
W = 0.99
χ2

(m)

Fig. 5. QCC(m) versus the number of degrees of freedom m for
different values of the cross-correlation coupling W . For each
W , we generate one pair of time series {yi} and {y′

i} defined by
equations (2a, 2b). Each time series is comprised of N = 104

data points. There is no sinusoidal trend, so A1 = A2 = 0. We
also show the curve of the critical values of χ2(m) distribution
at the 5% level of significance. Parameters are ρ1 = 0.2 and
ρ2 = 0.4. For W = 0.5, the cross-correlations between {yi}
and {y′

i} are strongest and, for a wide range of m values, the
curve of the test statistic of equation (6) for W = 0.5 is above
all other curves including the curve of the critical values of
χ2(m) distribution. For values of W very close to 1, the cross-
correlations between {yi} and {y′

i} become very weak, below
the curve of the critical values of χ2(m) distribution.

becomes a separate ARFIMA process controlled by pa-
rameters ρ1 and ρ2, respectively.

Next we analyze the cross-correlation tests between
time series {yi} and {y′

i}, with varying W and fixed ρ
parameters. We generate three pairs of time series {yi}
and {y′

i} with parameters ρ1 = 0.2 and ρ2 = 0.4, and
varying W . For each pair of time series (104 data points
each), we perform the test given in equation (6) for dif-
ferent degrees of freedom, m. In Figure 5, the results of
the test are plotted versus m, for each pair of time series.
We also show the critical values of the χ2(m) distribution
versus m at the 5% level of significance. Note that for the
pairs of time series investigated with W equal to 0.5 and
0.95, the curves of the test statistic are above the curve of
the critical values of the χ2(m) distribution. Now we find
that for a very small cross-correlation coupling parame-
ter (W = 0.99), the values of the test of equation (6) are
very close to the critical values of the χ2(m) distribution.
Generally, except for values of W very close to 1, for a
broad range of m values, the difference between the value
of the test of equation (6) and the corresponding criti-
cal value of the χ2(m) distribution is positive (QCC(m) >
χ2

0.95(m)). If the values of the test of equation (6) calcu-
lated between two time series are smaller than the criti-
cal values of the χ2(m) distribution, QCC(m) < χ2

0.95(m),
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Fig. 6. Crossovers in the detrended cross-correlation analysis
function FDCCA(n), calculated for cross-correlated noise with
a sinusoidal trend. The cross-correlated time series {yi} and
{y′

i} are generated by the periodic two-component ARFIMA
process defined by equations (2a, 2b). For ρ = 0.4, W = 0.5,
A1 = A2 = 0.3, and varying period T , we find a crossover in
the FDCCA(n) function that increases with T approximately as
n2CC ∝ T .

the cross-correlations between two time series are insignif-
icant.

Next we apply the detrended cross-correlations anal-
ysis (DCCA) to investigate cross-correlations between
time series where each time series is auto-correlated and
sinusoidal. In Figure 6 we present three DCCA functions
FDCCA(n) obtained for three pairs of cross-correlated time
series {yi} and {y′

i} with sinusoidal trends generated by
the process of equations (2a, 2b), with ρ = 0.4, W = 0.5,
A1 = A2 = 0.3, and varying T . We find from Figure 6
that each DCCA function FDCCA(n) shows a crossover
at time scale n2CC ≈ T similar to the findings for DFA
functions [24]. We next study numerically if the relation
n2CC ≈ T holds independently of the values of A, W ,
and ρ. We also find that the crossover bump becomes
more pronounced with increasing A, but the crossover
time scale n2CC does not depend on A. We also find that
the crossover time scale n2CC virtually does not depend
on ρ.

The correct interpretation of the scaling results is
crucial for understanding the system that is analyzed.
If the real-world time series is both correlated and pe-
riodic, periodicities should be eliminated before analyz-
ing the correlations of the time series. First we generate
two cross-correlated time series generated by the process
of equations (2a, 2b) with ρ = 0.4 when periodicity is
present in the time series. For the sake of simplicity, we
set T1 = T2 = T = 103. We show the DCCA function
FDCCA(n) in Figure 7, and we find a crossover at scale
n2CC ∝ T .
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Fig. 7. DCCA function FDCCA(n) after global and local si-
nusoidal detrending approaches. We generate two time series
{yi} and {y′

i} of the periodic two-component ARFIMA pro-
cess of equations (2a, 2b) with ρ = ρ1 = ρ2 = 0.4, W = 0.5,
A1 = A2 = 0.3, and T1 = T2 = T = 103. We see that
FDCCA(n) of yi and y′

i exhibit a bump similar to that charac-
teristic for DFA functions obtained for time series with periodic
trends. After performing a global minimization of

∑N
i=1(yi −

A1 sin(2π/T i + φ1))
2 and

∑N
i=1(y

′
i −A2 sin(2π/T i + φ2))

2, we
find the parameters of the first harmonic (Ai, φi, Ti) in both
time series {yi} and {y′

i}. Then, we define two new time series,
Yi = yi−A1 sin(2π/T i+φ1) and Y ′

i = y′
i −A2 sin(2π/T i+φ2).

{Yi} and {Y ′
i } exhibit a “pure” power-law cross-correlation,

with expected power-law exponent λDCCA = λDF A = 0.5+ρ =
0.9, since both time series are defined by the same ρ parameter.

Next, we investigate the influence of global detrend-
ing on DCCA results. By global fit we assume one fit
for the entire time series in contrast to a local detrend-
ing approach where local fits are accomplished for win-
dows of different sizes. To eliminate periodicities in the
original time series, we globally detrend the periodic-
ity –

∑N
i=1[yi − A1 sin(2π/T i + φ1)]2 and

∑N
i=1[y

′
i −

A2 sin(2π/T i + φ2)]2 – and find the parameters (Ai, φi,
and T ) in both time series {yi} and {y′

i}. Then, we
define the globally detrended time series Yi ≡ yi −
A1 sin (2π/T i + φ1), and Y ′

i ≡ y′
i − A2 sin (2π/T i + φ2).

We find in Figure 7 that FDCCA(n) practically loses the
bump characteristic at the crossover scale, allowing us to
calculate the cross-correlations exponent λDCCA.

In this paper, we propose a new test to quantify the
presence of cross-correlations. We propose that both the
cross-correlation test and the detrended cross-correlations
analysis (DCCA) should be used together to measure
the degree of cross-correlations between different time se-
ries. We demonstrate that a good indication for the pres-
ence of cross-correlations is if the results of the statis-
tical test of equation (6) exceeds the critical value of
the χ2(m) distribution at the given level of significance.
We study long-range power-law cross-correlations between
two time series, each power-law auto-correlated, in the
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presence of a periodic sinusoidal trend. We show that due
to the sinusoidal trend, a spurious crossover exists in the
DCCA cross-correlations plots. We study the impact of a
Fourier phase-randomization on the cross-correlation test
and show that the cross-correlations between two cross-
correlated time series practically vanish by a Fourier phase
randomization.

We thank the Ministry of Science of Croatia, NIH, and NSF
for financial support.

Appendix A: Analytical cross-correlations derivation

Consider two stationary time series {yj} and {y′
j}, denote

the covariance by {Xj}∞j=−∞, and denote the cross power
spectrum by sY Y ′(ω). Due to the cross-correlation the-
orem, sometimes called the Wiener-Khintchine theorem,
the cross covariance function and the cross power spec-
trum are one-to-one related by

sY Y ′(ω) =
1
2π

∞∑
j=−∞

Xj exp(−iωj). (A.1)

A similar relationship exists for the auto-covariance func-
tion and the power spectrum for a single time series.

As an example, let us define two cross-correlated mov-
ing average MA(1) processes

yi ≡ (1 + θ1L)ηi ≡ Ψ(L)ηi, (A.2)

y′
i ≡ (1 + θ2L)ηi ≡ Ψ̃(L)ηi, (A.3)

where ηi is an (i.i.d.) process with expectation value
E(η) = 0 and variance E(η2) − E2(η) = σ2, and L de-
notes the backward (lag) operator defined by Lηi = ηi−1,
i.e., it simply relates two adjacent discrete-time coordi-
nates i and i − 1. Clearly, Ψ(L) and Ψ̃(L) are two linear
polynomials in L.

For this example, one can easily calculate the only
non-vanishing cross-covariances X0 ≡ E(yiy

′
i) = E(η2

i +
θ1θ2η

2
i−1) = 1 + θ1θ2; X1 ≡ E(yiy

′
i+1) = θ2σ

2, and
X−1 ≡ E(yiy

′
i−1) = θ1σ

2. By using equation (A.1) for
the power spectrum of two MA(1) processes we obtain
sY Y ′(ω) = σ2

2π [X0+X1 exp(iω)+X−1 exp(−iω)]. If exp(iω)
is replaced by the complex number z, we obtain

sY Y ′(ω) =
1
2π

[X0 + X1z + X−1z
−1]

=
1
2π

[1 + θ2z][1 + θ1z
−1]. (A.4)

Using equations (A.2) and (A.3) the previous equation
can be expressed as [47]: sY Y ′(ω) = 1

2π Ψ̃(z)Ψ(z−1). This
relation for finding sY Y ′ generally extends to the MA(∞)
processes yi and y′

i, where e.g. yi = Ψ(L)ηi and Ψ(L) =
a0 + a1L + a2L

2 + ...

The ARFIMA process yi can not only be represented
in the AR representation, but also in the MA(∞) repre-
sentation:

yi = (1 − L)−dηi =
∞∑

j=0

Γ (j + ρ)
Γ (ρ)Γ (j + 1)

ηi−j , (A.5)

where ρ need not be an integer, provided ρ < 1/2, where
the last expression is obtained after binomial expansion,
E(η) = 0, and E(η2) − E2(η) = σ2.

Consider a two-component ARFIMA process {yi}
and {y′

i} defined yi ≡ ∑∞
j=1 aj(ρ1)yi−j + ηi, y′

i ≡∑∞
j=1 aj(ρ2)y′

i−j + ηi with parameters ρ1 and ρ2. For the
cross power spectrum we obtain:

sY Y ′(ω) = (1 − exp(iω))−ρ1(1 − exp(−iω))−ρ2

=
∞∑

k=0

∞∑
k′=0

ak(ρ1)ak′(ρ2) exp(i(k − k′)ω), (A.6)

where ak(ρ) = Γ (k+ρ)/[Γ (ρ)Γ (k+1)] as defined in equa-
tion (A.5). Taking the inverse Fourier transform of the
cross power spectrum, we obtain

Xn =
1
2π

∫ π

−π

sXY (ω) exp(iωn)dω

=
σ2

2π

1
2π

∞∑
k=0

∞∑
k′=0

ak(ρ1)ak′ (ρ2)
∫ π

−π

exp(i(n+k−k′)ω)dω

=
σ2

2π

∞∑
k=0

∞∑
k′=0

ak(ρ1)ak′(ρ2)δ(n + k − k′)

=
σ2

2π

∞∑
k=0

ak(ρ1)an+k(ρ2). (A.7)

By using Stirling’s expansion we obtain ak(ρ) ∝ kρ−1 and
thus Xn ∝ ∑∞

k=0 kρ1−1(n + k)ρ2−1, which can be approx-
imated by Xn ∝ ∫ ∞

0
dk kρ1−1(n + k)ρ2−1. By defining a

new variable k/n = t we obtain

Xn ∝ nρ1+ρ2−1

∫ ∞

0

tρ1−1(t + 1)ρ2−1dt. (A.8)

If long-range power-law cross-correlations exist, we ob-
tain Xn ∝ n−γCC for the asymptotic regime n � 1, i.e.,
by using equation (A.8) we obtain γCC = 1 − ρ1 − ρ2.
The parameter γCC and parameter λDCCA of the co-
variance growth (see Eq. (1)) are related as λDCCA =
1 − 0.5 γCC [11]. Hence, we obtain the result of equa-
tion (8), λDCCA = H1+H2

2 , where H1 and H2 are the Hurst
exponents related to the processes {yi} and {y′

i}, respec-
tively, and where H1 = 0.5 + ρ1 and H2 = 0.5 + ρ2 [37].
Hence, we find analytically that the time series yi and y′

i
are long-range power-law cross-correlated (besides being
long-range power-law auto-correlated), where the expo-
nent λDCCA is equal to the arithmetic mean of the two
Hurst exponents H and H ′.
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Abstract – We perform numerical lattice simulations of an excitable medium. We show that the
interaction of a spiral wave with a periodic train of planar fronts leads to annihilation of the spiral
wave even when i) the period of the fronts is longer than the period of the spiral and ii) the
annihilating fronts are released at a significant distance from the spiral. The observed annihilation
is not due to spiral drift, and occurs well inside the lattice.

Copyright c© EPLA, 2009

The dynamics of wave propagation in excitable media
has been extensively studied in the last years [1–15] and
the existence of spiral waves in this kind of system has been
reported in many cases, including aggregating slime-mould
cells [16], retinae [17], the Belousov-Zhabotinsky chemical
oscillator [18], CO oxidation [19], and heart muscle [20,21].
Of special interest, in areas like cardiology, is the study
of wavefront stability, as wave breaks generate spatio-
temporal patterns that are associated with potentially
fatal arrhythmias [1–3,22–32]. Therefore, it is of great
interest to find out how to attenuate and annihilate spiral
waves.
Here, we investigate the possibility of annihilating spiral

waves by a train of periodic plain waves, which is of
relevance to the dynamics in the myocardium, where fronts
descending from the heart pacemaker (the sinoatrial node)
interact with spiral waves. It is widely assumed that stable
spiral waves cannot be eliminated by wavefronts of similar
or lower frequency, since the domains of faster spiral waves
grow at the expense of the slower wavefronts [31,33–37].
In this study, we consider the interaction of a stable spiral
wave and planar wavefronts with frequency lower than the
frequency of the spiral rotation and we show that this
interaction leads to annihilation of the spiral wave over a
range of physiologically meaningful parameter values.

(a)E-mail: plamen@buphy.bu.edu

It has been reported recently [38,39] that the interaction
of a single spiral wave with a train of periodic planar
fronts can lead, under certain circumstances, i.e., when the
fronts have long excitation duration, and are delivered at a
specific phase relative to the rotational phase of the spiral,
to the formation of complex spatio-temporal patterns
characterized by the presence of periodic attenuation
of the spiral wave. Since the results reported in [38,39]
are based on a cellular automaton model, it is natural
to raise the question of the validity of those findings for
continuous models based on partial differential equations.
To perform our analysis we choose the Aliev-Panfilov

model of the cardiac tissue [40]. This is a modification of
the classical Fitzhugh-Nagumo model aimed at introduc-
ing the experimentally observed restitution curve, which
the original model lacks [41–45]. As we will explain later,
this feature is crucial for the annihilation of the spiral
wave. The model equations are

∂u

∂t
=
∂

∂xi
dij
∂u

∂xj
− ku(u− a)(u− 1)−uv, (1)

∂v

∂t
= ε(u, v) [−v− ku(u− a− 1)] , (2)

where u is the transmembrane potential, v is the recovery
variable (related to the conductance of the cell membrane),
ε(u, v) = ε0 + µ1v/(u + µ2) and the typical parameter

18005-p1
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Fig. 1: (Color online) Evolution of the system during the first spiral rotation. The color-coding shows the gradient of variable
u in eq. (1) (the transmembrane potential) from high values, in violet-blue, corresponding to excited areas, to low values, in
yellow-orange, corresponding to resting areas. From left to right and top to bottom: initial condition; collision with first front, at
t= 3; and eight other snapshots, each one after every three time units. The parameter values used are: k= 8, a= 0.02, ε0 = 0.4,
µ1 = 0.35, µ2 = 0.5. For these parameter values, the model simulations generate a stable spiral with a period Tsp = 55. The value
chosen for the period of the fronts is T = 59.

values are k= 8, a= 0.02, ε0 = 0.4, µ1 = 0.35, and µ2 = 0.5.
Here, k is related to the upstroke of u when the excitation
occurs, a represents the excitation threshold, and ε(u, v)
relates to the difference between the characteristic time
scales of u and v. We consider a homogeneous isotropic
medium with a diffusion coefficient dij = 1.
We use a 128× 128 two-dimensional square lattice with

the usual no-flux boundary conditions, by means of a
standard multigrid scheme. The space and time inte-
gration steps we have used are δx= 0.3 and δt= 0.1,
respectively. The model involves dimensionless variables,
u, v, and t, related to the actual transmembrane potential
and time by means of the formulae: E (mV)= 100u− 80
(the equilibrium potential is set at −80mV and the pulse
jump is 100mV since the natural upper bound for u is
u= 1) and t(ms) = 12.9t(t.u.) [40]. Assuming a propa-
gation speed of 75 cm/s, in agreement with the exper-
imental results in myocardial cells of guinea pigs [13], the
lattice size in our simulations corresponds to 0.6 cm.
We generate the spiral according to a standard proce-

dure, by propagating a planar front with one end close to
the center of the lattice and the other end on the lattice
boundary [46]. We wait for ≈ 15 spiral rotations until the
spiral reaches a stable rotation. We next introduce planar
fronts with a period T , starting from the boundary of
the lattice. The fronts are introduced by setting u= 1.0
(the highest transmembrane potential) and v= 0.0 (no
refractoriness) for all elements on the right boundary of
the lattice; this initial condition for the fronts gives rise
to long excitation durations, which plays an instrumental
role to achieve spiral annihilation. We have explored
periods T in the range 45–65, while the period of the
spiral wave is Tsp = 55 for the parameter values given
above.
Once a single, stable spiral wave is generated (see

fig. 1, snapshot 1) and the rotational period of the spiral

stabilizes, we introduce a periodic train of planar fronts
that propagate from right to left. The parameter values
used for the simulation shown in fig. 1 are: k= 8, a= 0.02,
ε0 = 0.4, µ1 = 0.35, and µ2 = 0.5. Figure 1 shows the
interaction of the spiral wave and the first front of the
train during the first spiral rotation. The first snapshot
shows the initial condition, at t= 0. Then, the first front
is introduced at the right-hand-side boundary of the
lattice at t= 1 (fig. 1, snapshot 2). Every subsequent
snapshot in fig. 1 is taken every 3 time units. Figure 2
shows the interaction of the spiral wave with the second
and third fronts, and partially, in the last snapshot, with
the fourth one. The first snapshot in fig. 2 corresponds
to t= 67, and every following snapshot is taken after
13 time units. In agreement with the results found
in [38,39], where a cellular automaton was used, we find
that subsequent incoming fronts progressively invade the
spiral wave domain successfully both along the advancing
contour of the spiral and further away from the spiral
tip, near the upper right corner of the lattice. However,
in contrast with our previous analysis, it is the invasion
near the lattice boundary and away from the spiral
tip, and not the invasion along the spiral edge, which
is successful in altering the spiral dynamics. While the
invasion process is not self-evident in the figure, every
subsequent front advances a little more than the previous
one, in turn creating the conditions for the advance of
the next one. The invasion process can also be tracked by
the movement of the spiral tip which is progressively kept
further and further away from the fronts. Finally, during
the interaction with the fourth front (fig. 3), a second
counter-rotating spiral develops and both spiral waves
collide and annihilate each other. The first snapshot in
fig. 3 corresponds to t= 193, and every following snapshot
is taken after 13 time units. The remaining excited area
in the upper left corner of the last but one snapshot
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Fig. 2: (Color online) Invasion process. Color-coding and parameter values are as in fig. 1. These snapshots show how the same
simulation as in fig. 1 continues. The three first fronts reach the spiral domain and progressively invade the region. The first
snapshot was taken at t= 67 and every subsequent snapshot was taken after ∆t= 13.

Fig. 3: (Color online) Spiral annihilation. Color-coding and parameter values are as in fig. 1. The fourth subsequent front invades
the spiral domain deep enough to achieve the annihilation of the spiral waves. Again, the figure shows the same simulation as
in figs. 1 and 2. The three first fronts reach the spiral domain and progressively invade the region. The first snapshot was taken
at t= 193 and every subsequent snapshot was taken after ∆t= 9. The last snapshot corresponds to t= 274. Our simulations
show that, within the range of model parameters where spiral annihilation is found, releasing a single planar front at the same
specific phase relative to the rotational phase of the spiral as in snapshot 6 does not lead to spiral attenuation. Thus, a train of
several fronts (4–6 fronts) is needed to create the necessary preconditions leading to the spiral annihilation observed in snapshot
10. We note that the number of fronts in the train needed to annihilate the spiral does not depend on the timing of the release
of the first front relative to the rotational phase of the spiral.

develops into a continuous front that does not form new
spiral waves. After the last snapshot, the activity entirely
disappears, and the resting state of the whole lattice is
only altered by new fronts, if they are introduced. The last
snapshot in fig. 3 corresponds to t= 274. We note that the
process of spiral annihilation (shown in snapshots 6–10 in
fig. 3) occurs while the spiral tip is close to the center of
the lattice, and that the spiral annihilation is not due to
spiral drift to the lattice boundary. Our simulations show
that within the whole range of model parameters where
spiral annihilation is observed, the distance between the
last released front, which leads to spiral annihilation,
and the spiral tip is of the order of one spiral wavelength
(as shown in snapshot 6 in fig. 3 for a given choice of
model parameters). Our observations of a relatively large
distance between the annihilating front and the spiral are
complementary to earlier studies where spiral annihilation

was achieved by point stimuli released at a distance to
the spiral much shorter than a wavelength [47].
In order to further survey the annihilation process, in

fig. 4 we plot the total number of excited cells in the lattice
as a function of time for three different values of the period
of the planar fronts, two of them higher and the other
one lower than the spiral period. For this purpose, we
have defined a lattice element as excited when u> 0.1 and,
simultaneously, v < 1.0. The curves follow a quasiperiodic
behavior until the annihilation of the spiral wave occurs
for the two cases of higher period than the spiral. After
the annihilation the number of excited cells drops to zero,
as expected.
To check the robustness of the annihilation process we

have considered different parameter sets: k= 8, a= 0.01,
ε0 = 0.5, µ1 = 0.35, µ2 = 0.5; k= 8, a= 0.02, ε0 = 0.4,
µ1 = 0.35, µ2 = 0.5; k= 8, a= 0.04, ε0 = 0.1, µ1 = 0.3,
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Fig. 4: Total number of excited cells in the lattice as a function
of time (in dimensionless units) for three different simulation
runs with, from top to bottom, T = 57, T = 59 and T = 54. The
parameter values used are the same as in fig. 1, which implies
Tsp = 55. The plots clearly show that only when T > Tsp the
annihilation process takes place as the number of excited cells
goes to zero.

µ2 = 0.4; k= 8, a= 0.08, ε0 = 0.07, µ1 = 0.25, µ2 = 0.35;
k= 8, a= 0.10, ε0 = 0.05, µ1 = 0.2, µ2 = 0.3; and k= 8,
a= 0.15, ε0 = 0.002, µ1 = 0.2, µ2 = 0.3. The annihilation
process occurs only for values of the excitation threshold
parameter a< 0.04, and for decreasing values of a (low
excitation threshold) the conditions for spiral annihilation
become more favorable. Therefore, within the considered
low-excitability regime (where spirals are stable), the
more excitable the medium is, the easier it is to achieve
spiral annihilation. We emphasize that an advantage
of our model approach is that, for a broad range of
parameter values, spiral annihilation is achieved even
when the period of the planar fronts is longer (by 1–4
dimensionless time units or approximately 10–50ms than
the period of the spiral. We note that traditionally spiral
attenuation has been achieved with periods shorter than
the period of the spiral.
The long excitation duration in the fronts allows every

front to leave a lasting mark of refractory area (an
area that cannot be excited until the refractory time
has elapsed) that outlasts the rotational period of the
spiral and, therefore, affects the spiral during the next
spiral rotation. The effect of this refractory area is to
prevent to some extent the propagation of the spiral
wave, but it is very small in the case of the first incoming
front. The longer period of the fronts, compared to the
rotational period of the spiral, implies that this effect
is stronger with every subsequent front. The Fitzhugh-
Nagumo model is unable to take into account this kind
of interaction between the spiral and the fronts, since it
features no significant restitution curve (all excitations
have essentially the same duration); therefore, it is
critical to introduce a more complex model, as in eqs. (1)

and (2), where an empirically realistic restitution curve is
introduced in a natural way.
We have also investigated how the front-spiral inter-

action depends on the relative phase between the spiral
and the fronts, since it has been reported that i) the
rotational phase of the spiral wave, when the first front
is released, may play a critical role in the dynamics as
ii) certain spatio-temporal patterns appear only for
specific values of this phase [38,39]. To answer this
question, we performed several tests by releasing the first
front at a time T0 after the stabilization of the period
of the spiral, followed by a train of fronts with period
T . We repeated the simulations for different values of T0
and for different parameter sets. We find that the relative
phase between the first released front and the spiral does
not appear to play a significant role in achieving spiral
annihilation in these continuous model simulations at
least for the set of parameter values used in this work.
In summary, we have found that the interaction of a

single, stable spiral wave with a periodic train of planar
fronts, with period longer than the rotational period of the
spiral and of sufficiently long excitation duration can lead,
not only to spiral attenuation (as reported in [38,39]), but
also to the complete annihilation of the spiral wave. After
collision with as few as 4–6 fronts, the spiral domain is
invaded by the fronts and the spiral is annihilated. Thus,
the domain of the lower frequency planar waves expands at
the expense of the spiral wave until it completely vanishes.
This occurs only when the period of the fronts is slightly
longer, by 1–4 time units, than the period of the spiral
waves. Notably, the annihilation process is not due to
spiral drift outside of the lattice boundary, and results
from the front-spiral interaction which occurs well within
the spatial domain of the lattice.
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I
ntegrated physiological systems un-
der neural control, such as the
cardiac and respiratory systems,
exhibit complex dynamics with con-

tinuous noisy fluctuations even in rest-
ing ‘‘equilibrium’’ conditions without
external perturbations (1, 2). Advances
in analytic methods have made it possi-
ble to identify a surprisingly robust
temporal organization embedded in
physiologic fluctuations, characterized
by scale-invariant (fractal), multifractal,
and nonlinear features over a range of
time scales (2–4). This behavior is re-
markably different from the one post-
ulated by the classical principle of
homeostasis (5), and it resembles the
dynamics of certain physical systems
away from equilibrium (6).

Although the origins of such rich
complexity in physiologic fluctuations
remain poorly understood, there is
growing evidence that they are related
to particular mechanisms of regulation
involving networks of multiple inputs
and nonlinear feedback interactions (7),
as various aspects of their temporal or-
ganization change with different physio-
logical states (8, 9) and pathological
conditions (2, 4, 10). This picture is fur-
ther complicated by nonlinear inter-
actions between physiologic systems,
where the specific mechanism of their
coupling is often masked by physiologic
fluctuations, as in the case of maternal–
fetal cardiac interaction.

The fetal heart rate, a primary
accessible indicator of prenatal develop-
ment, changes with the physiological
and psychological state of the mother:
fetal heart rate variability and body
movement substantially decrease with
hypooxygenation of maternal arterial
blood (11); increased maternal stress
and anxiety levels correlate with in-
creased mean fetal heart rate (12); dur-
ing the night the mean hourly fetal
heart rate decreases in synchrony with
the mean maternal heart rate (13). This
correlated behavior in the mean heart
rates suggests certain coupling between
the cardiac systems of mother and fetus.
However, there has been no evidence of
maternal–fetal heartbeat-to-heartbeat
coordination, until now. The article by
Van Leeuwen et al. (14) published in
this issue of PNAS does just that: apply-
ing a novel concept from physics and
nonlinear dynamics to their data, they
uncover a hitherto-unknown phase syn-
chronization between the individual

heartbeats of mother and fetus—
a marker of coupling between their au-
tonomous cardiac systems despite con-
tinuous noisy fluctuations in the beat-to-
beat intervals.

Using multichannel magnetocardio-
graphy to simultaneously record the
magnetic fields generated during each
maternal and fetal heartbeat at resting
supine condition, Van Leeuwen et al.
(14) derive time series of consecutive
heartbeat intervals, and they discover
epochs of synchronization where fetal
heartbeats occur at the same instanta-
neous phases within each consecutive
maternal heartbeat cycle—the first evi-
dence of direct coupling mediated by
the maternal cardiac activity. Such

mother–fetus heartbeat phase synchroni-
zation at beat-to-beat time scales is
rather surprising, given their auto-
nomous central nervous systems and
separate blood circulation (placental
barrier). Various factors—including ma-
ternal stress and anxiety levels associ-
ated with release of glucocorticoids and
corticosteroid hormones (15) (which
easily pass through the placental mem-
brane); activation of the maternal auto-
nomous nervous system by increased
levels of acetylcholine triggering excita-
tory actions and body movements (16);
variations in catecholamine concentra-
tions resulting in maternal vasoconstric-
tion and consequent restriction of oxy-
gen to the fetus (11, 12)—all suggest
certain influence on the average fetal
heart rate and heart rate variability,
however, at time scales much larger than
beat-to-beat intervals. Indeed, recent
cross-correlation analyses failed to iden-
tify a beat-to-beat association between
maternal and fetal heart rate (17).
Then, how did Van Leeuwen et al. suc-
ceed in identifying patterns of maternal
and fetal heartbeat synchronization?

They related the problem of identify-
ing maternal–fetal heartbeat coupling to
an intriguing nonlinear phenomenon

called synchronization—the adjustment
of rhythms of self-sustained oscillators
because of their interaction (18). First
described by Huygens in 1665, who ob-
served that the oscillations of two pen-
dulum clocks suspended from the same
wooden beam coincided perfectly due to
their weak interaction mediated through
the beam, synchronization has since
been found in various physical and bio-
logical systems—from clocks and musi-
cal instruments, to cooperative behavior
of crickets and fireflies, to circadian cy-
cles and synchronous firing of neurons
(18). Notably, a very weak, often imper-
ceptible, interaction between oscillatory
systems can cause a qualitative transi-
tion: an object adjusts its rhythm in
conformity with the rhythm of other
objects. For two weakly coupled oscilla-
tory systems with regular dynamics and
nonidentical frequencies, synchroniza-
tion results in ‘‘locking’’ of their fre-
quencies fi (i.e., mf1 � nf2 � 0, where m
and n are integers) or of their respective
phases �i (i.e., m�1 � n�2 � const,
where d�i(t)/dt � 2�fi and the ratios
m:n correspond to different phase-
synchronization patterns) (19). To iden-
tify and quantify the degree of coupling
between oscillatory systems with noisy
irregular or chaotic dynamics, where the
amplitudes are not cross-correlated (and
thus traditional cross-correlation meth-
ods do not work), a novel phase-
synchronization approach has been re-
cently developed (18, 20) and applied to
several physiologic systems, including
cardiorespiratory synchronization in
healthy adults at rest (21) and its change
across sleep stages (22); synchronous
activation of cortical centers during epi-
leptic seizures (23); and cerebral auto-
regulation in subjects after ischemic
stroke (24). The study of Van Leeuwen
et al. (14) goes further to discover phase
synchronization between autonomous
physiologic systems of different organ-
isms, the maternal and fetal heart.

The specific mechanism leading to
maternal–fetal heartbeat phase synchro-
nization remains elusive, and two hy-
potheses for pathways mediating this
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interaction are plausible: (i) the oscilla-
tory rhythm of maternal respiration acts
as a common driving force and influ-
ences simultaneously both maternal and
fetal heart rates, leading to an apparent
maternal–fetal heartbeat synchroniza-
tion; (ii) the maternal cardiac system has
a direct detuning effect on the fetal
heart rhythm.

At normal breathing rates, the respi-
ratory rhythm leads to cyclical cardiac
variations where the heart rate increases
during inhalation and decreases with
exhalation, a phenomenon called respi-
ratory sinus arrhythmia (RSA) (16).
RSA, a noninvasive measure of para-
sympathetic tone reflected in high-
frequency heart rate oscillations, is
increasingly pronounced (i.e., larger am-
plitude of heart rate variation) with de-
creasing respiratory rates (16). Further,
lower respiratory rates are associated
with a higher degree (longer epochs) of
cardiorespiratory phase synchronization
in normal subjects (25), suggesting in-
creased maternal cardiorespiratory syn-
chronization. In parallel, lung tidal
volume and chest and abdomen move-
ment are larger at lower breathing
frequencies, raising the possibility for
increased mechanical stimulation of the
uterus, and thus driving the fetal heart
rate to phase-synchronize with the ma-
ternal respiration and correspondingly
with the maternal heart rate. Perform-
ing measurements over a range of ma-
ternal breathing frequencies, Van
Leeuwen et al. (14) show the opposite:
significantly higher maternal–fetal heart-
beat synchronization at higher respira-

tory rates, indicating that maternal–fetal
cardiac coupling may not be mediated
by maternal respiration.

An intriguing alternative hypothesis
suggested by Van Leeuwen et al. (14) is
that maternal–fetal cardiac coupling is
mediated by acoustic stimuli of maternal
heartbeat and vessel pulsation perceived
by the fetal auditory system. These stim-
uli may act as an external forcing
rhythm to entrain the fetal heartbeat to
the beat of the mother. Indeed, experi-
ments have demonstrated that the
heartbeat of healthy subjects at rest syn-
chronizes with periodic sequences of
weak external sound pulses (19). How-
ever, this could not quite explain the
findings by Van Leeuwen et al. of a
higher degree of synchronization at
higher respiratory rates, because both
maternal and fetal mean heart rate re-
main practically unchanged with in-
creased frequency of paced maternal
respiration (ref. 16 and table 1 in ref.
14). A possible explanation for the in-
crease in maternal–fetal heartbeat
synchronization at higher maternal re-
spiratory rates is the observed lower
standard deviation of the maternal
heartbeat increments (ref. 16 and table
1 in ref. 14), leading to a more regular
maternal heartbeat at higher respiratory
rates, thus generating more regular
acoustic stimuli with which the fetal
heartbeat can better synchronize (25).
This argument is further supported by
the observation that the standard devia-
tion of the fetal heartbeat increments
significantly drops at a high maternal
respiratory rate when the maternal–fetal

phase synchronization is most pronounced
(14). Whether such an acoustic mecha-
nism is indeed responsible for the
maternal–fetal heart rate coupling
remains to be further investigated,
given that the gradual increase in syn-
chronization with an increasing maternal
respiratory rate is not paralleled by a
simultaneous decrease in the stan-
dard deviation of the fetal heartbeat
increments.

The work by Van Leeuwen et al.
(14) is a significant step toward a better
understanding of the complexity of
maternal–fetal interaction at the inte-
grated system level. Elucidating the
mechanistic pathways underlying this
interaction remains a major challenge,
as these pathways involve multiple con-
tributing factors, from the biochemical
to the system level, acting through vari-
ous feedback loops and over a range of
time scales. Further investigations are
needed to clarify the physiological sig-
nificance of the maternal–fetal heart
rate phase synchronization at beat-to-
beat time scales, and whether mother
and child benefit from this specific in-
teraction. As the complexity in fetal
heartbeat fluctuations increases with
gestation age, it is conceivable that
maternal–fetal cardiac coupling may
also evolve with maturation. Quantifying
the degree of this coupling for different
gestation age may prove instrumental in
deriving novel clinical markers of
healthy prenatal development and
pathological deviation.
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Effect of extreme data loss on long-range correlated and anticorrelated signals quantified
by detrended fluctuation analysis
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Detrended fluctuation analysis �DFA� is an improved method of classical fluctuation analysis for nonstation-
ary signals where embedded polynomial trends mask the intrinsic correlation properties of the fluctuations. To
better identify the intrinsic correlation properties of real-world signals where a large amount of data is missing
or removed due to artifacts, we investigate how extreme data loss affects the scaling behavior of long-range
power-law correlated and anticorrelated signals. We introduce a segmentation approach to generate surrogate
signals by randomly removing data segments from stationary signals with different types of long-range corre-
lations. The surrogate signals we generate are characterized by four parameters: �i� the DFA scaling exponent
� of the original correlated signal u�i�, �ii� the percentage p of the data removed from u�i�, �iii� the average
length � of the removed �or remaining� data segments, and �iv� the functional form P�l� of the distribution of
the length l of the removed �or remaining� data segments. We find that the global scaling exponent of positively
correlated signals remains practically unchanged even for extreme data loss of up to 90%. In contrast, the
global scaling of anticorrelated signals changes to uncorrelated behavior even when a very small fraction of the
data is lost. These observations are confirmed on two examples of real-world signals: human gait and com-
modity price fluctuations. We further systematically study the local scaling behavior of surrogate signals with
missing data to reveal subtle deviations across scales. We find that for anticorrelated signals even 10% of data
loss leads to significant monotonic deviations in the local scaling at large scales from the original anticorrelated
to uncorrelated behavior. In contrast, positively correlated signals show no observable changes in the local
scaling for up to 65% of data loss, while for larger percentage of data loss, the local scaling shows overesti-
mated regions �with higher local exponent� at small scales, followed by underestimated regions �with lower
local exponent� at large scales. Finally, we investigate how the scaling is affected by the average length,
probability distribution, and percentage of the remaining data segments in comparison to the removed seg-
ments. We find that the average length �r of the remaining segments is the key parameter which determines the
scales at which the local scaling exponent has a maximum deviation from its original value. Interestingly, the
scales where the maximum deviation occurs follow a power-law relationship with �r. Whereas the percentage
of data loss determines the extent of the deviation. The results presented in this paper are useful to correctly
interpret the scaling properties obtained from signals with extreme data loss.

DOI: 10.1103/PhysRevE.81.031101 PACS number�s�: 05.40.�a

I. INTRODUCTION

In real-world signals data can be missing or unavailable to
a very large extent, especially in archeological, geological,
and physiological recordings which often once recorded in
the past cannot be generated again. Knowing the effects
which data loss may have on the correlations and other dy-
namical properties of the output signals of a given system is
instrumental in accurately quantifying and modeling the un-
derlying mechanisms driving the dynamics of the system.
Significant data loss can also be caused by failure of the data
collection equipment, as well as by the removal of artifacts
or noise-contaminated data segments. To correctly interpret
results obtained from correlated signals with missing data, it
is important to understand how the dynamical properties of
such signals are affected by the degree of data loss. Here we

systematically investigate how loss of data changes the scal-
ing properties of various long-range power-law anticorre-
lated and positively correlated signals. Specifically, we de-
velop a segmentation approach to generate surrogate signals
by randomly removing data segments from stationary long-
range power-law correlated signals and we study how the
correlation properties are affected by �i� the percentage of
removed data, �ii� the average length of the removed �or
remaining� data segments, and �iii� the functional form of the
probability distribution of the removed �remaining� seg-
ments. We utilize the detrended fluctuation analysis �DFA� to
quantify the effect of extreme data loss on the scaling prop-
erties of long-range correlated signals.

Scaling �fractal� behavior was first encountered in a class
of physical systems �1–3� which for a given “critical” value
of their parameters, exhibit complex organization among
their individual components, leading to correlated interac-
tions over a broad range of scales. This class of complex
systems are typically characterized by �i� multicomponent*Corresponding author; plamen@buphy.bu.edu

PHYSICAL REVIEW E 81, 031101 �2010�

1539-3755/2010/81�3�/031101�17� ©2010 The American Physical Society031101-1

http://dx.doi.org/10.1103/PhysRevE.81.031101


nonlinear feedback interactions, �ii� nonequilibrium output
dynamics, and �iii� high susceptibility and responsiveness to
perturbations. Scaling behavior has been found in a diverse
group of systems—ranging from earthquakes, to traffic jams
and economic crashes, to neuronal excitations as well as the
dynamics of integrated physiologic systems under neural
control—and has been associated with the underlying
mechanisms of regulation of these systems �4,5�. The output
signals of such systems exhibit continuous fluctuations over
multiple time and/or space scales �6,7�, where the amplitudes
and temporal/spatial organization of the fluctuations are char-
acterized by absence of dominant scale, i.e., scale-invariant
behavior. Due to the nonlinear mechanisms controlling the
underlying interactions, the output signals of these systems
are also typically nonstationary, which masks the intrinsic
correlations. Traditional methods such as power spectrum
and autocorrelation analysis �8–10� are not suitable for non-
stationary signals.

DFA is a robust method suitable for detecting long-range
power-law correlations embedded in nonstationary signals
�11,12�. It has been successfully applied to a variety of fields
where scale-invariant behavior emerges such as DNA
�11,13–26�, cardiac dynamics �27–46�, human locomotion
�5,47–49�, circadian rhythm �50–53�, neural receptors in bio-
logical systems �54�, seismology �55,56�, meteorology �57�,
climate temperature fluctuations �58–63�, river flow and dis-
charge �64,65�, and economics �66–79�. The DFA method
may also help identify different states of the same system
exhibiting different scaling behavior—e.g., the DFA scaling
exponent � for heart-beat intervals is significantly different
for healthy and sick individuals �27,32,44� as well as for
wake and sleep states �30,35,40,45,52�.

Elucidating the intrinsic mechanisms of a given system
requires an accurate analysis and proper interpretation of the
dynamical �scaling� properties of its output signals. It is of-
ten the case that the scaling exponent quantifying the tempo-
ral �spatial� organization of the systems’ dynamics across
scales is not always the same, but depends on the scale of
observation, leading to distinct crossovers—i.e., the value of
the scaling exponent may be different for smaller compared
to larger scales. Such behavior has been observed for diverse
systems, for example: �i� the spontaneous motion of micro-
beads bound to the cytoskeleton of living cells as quantified
by the mean-square displacement does not exhibit a Brown-
ian motion but instead undergoes a transition from subdiffu-
sive to superdiffusive behavior with time �80�; �ii� cardiac
dynamics of healthy subjects during sleep are characterized
by fluctuations in the heartbeat intervals exhibiting a cross-
over from a higher scaling exponent �stronger correlations� at
small time scales �from seconds up to a minute� to a lower
scaling exponent �weaker correlations� at large time scales
�from minutes to hours�, associated with changes in neural
autonomic control during sleep �30,81�; and �iii� stock mar-
ket dynamics where both absolute price returns and inter-
trade times exhibit a crossover from a lower scaling expo-
nent at small time scales �up to a trading day� to much higher
exponent at large time scales �from a trading day to many
months�, a behavior consistent for all companies on the mar-
ket �69,79�. However, crossovers may also be a result of
various types of nonstationarities and artifacts present in the

output signals, which, if not carefully investigated, may lead
to incorrect interpretation and modeling of the underlying
mechanisms regulating the dynamics of a given system �44�.

In previous studies, we have systematically investigated
the effects of various types of nonstationarities, data prepro-
cessing filters and data artifacts on the scaling behavior of
long-range power-law correlated signals as measured by the
DFA method �82–84�. In particular, we studied a type of
nonstationarity which is caused by the presence of disconti-
nuities �gaps� in the signal, i.e., how randomly removing data
segments of fixed length affects the scaling properties of
long-range power-law correlated signals �83�. Such disconti-
nuities may arise from the nature of the recordings—e.g.,
stock exchange data are not recorded during the nights,
weekends and holidays �66–73�. In these situations, discon-
tinuities correspond to segments of fixed size.

Alternatively, discontinuities may be caused by the fact
that �i� part of the data is lost due to various reasons and/or
�ii� some noisy and unreliable portions of continuous record-
ings �e.g., measurement artifacts� are discarded prior to
analysis �27–39,45,46�. In these cases, the lengths of the lost
or removed data segments are random, and may follow a
certain type of distribution which can often be related to the
process responsible for the removal or loss of data—e.g., a
data acquisition device which fails randomly with a given
probability p will result in a geometric distribution P�l�= �1
− p�lp with mean �=1 / p, where l is the length of the data
lost segments. Thus, investigating the effect of data loss is
essential to determine the true correlation properties of the
signal output of a given system.

To address this question, we propose a segmentation al-
gorithm to generate surrogate signals by randomly removing
data segments from long-range power-law correlated signals
with a priori known scaling properties, and we investigate
the effects of the percentage of the removed data, different
average lengths, and different distributions of removed data
segments. We compare the scaling behavior of the original
signals with the scaling of the surrogate signals by system-
atically studying changes in the DFA scaling exponent. We
utilize local scaling exponents to reveal subtle deviations and
to characterize changes in the scaling behavior at different
scales in signals with segment removed. We note that in our
investigation we consider the effect of data loss on signals
where the scaling behavior remains constant for the duration
of the observations. Signals comprised of segments charac-
terized by different scaling exponents have been considered
elsewhere �83�.

This paper is structured as follows: in Sec. II A, we
briefly describe the DFA method. In Sec. II B we describe
how to generate stationary long-range power-law correlated
signals. In Sec. II C we introduce an algorithm for randomly
removing data segments from these signals to test the effects
of data loss on the scaling behavior. In Sec. III A, we study
the effect of data loss on the global scaling of positively
correlated and anticorrelated artificially generated signals
with different length, and we show examples on two differ-
ent sets of empirical data. In Sec. III B we compare the local
scaling properties of correlated signals before and after data
removal by considering the effect of several parameters of
the removed segments. In Sec. III C we consider the inverse
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situation—instead of focusing on the properties of the re-
moved segments we investigate how the correlations/scaling
of the signal depend on the properties of the remaining data
segments. We summarize and discuss our findings in Sec. IV.

II. METHODS

A. Detrended fluctuation analysis (DFA)

The DFA is a random walk based method �11�. It is an
improvement of the classical fluctuation analysis �FA� for
nonstationary signals where embedded polynomial trends
mask the intrinsic correlation properties in the fluctuations
�11�. The performance of DFA for signals with different
types of nonstationarities and artifacts has been extensively
studied and compared to other methods of correlation analy-
sis �12,82–88�. The DFA method involves the following
steps �11�:

�i� A given signal u�i� �i=1, ... ,N, where N is the length of
the signal� is integrated to obtain the random walk profile
y�k���i=1

k �u�i�− �u��, where �u� is the mean of u�i�.
�ii� The integrated signal y�k� is divided into boxes of

equal length n.
�iii� In each box of length n we fit y�k� using a polynomial

function of order � which represents the trend in that box.
The y coordinate of the fit curve in each box is denoted by
yn�k�. When a polynomial fit of order � is used, we denote
the algorithm as DFA-�. Note that, due to the integration
procedure in step �i�, DFA-� removes polynomial trends of
order �−1 in the original signal u�i�.

�iv� The integrated profile y�k� is detrended by subtracting
the local trend yn�k� in each box of length n

Y�k� � y�k� − yn�k� . �1�

�v� For a given box length n, the root-mean-square �rms�
fluctuation function for this integrated and detrended signal
is calculated

F�n� �	 1

N
�
k=1

N

�Y�k��2. �2�

�vi� The above computation is repeated for a broad range
of box lengths n �where n represents a specific space or time
scale� to provide a relationship between F�n� and n.

A power-law relation between the root-mean-square fluc-
tuation function F�n� and the box size n, i.e., F�n�
n�, in-
dicates the presence of scaling-invariant behavior embedded
in the fluctuations of the signal u�i�. The fluctuations can be
characterized by a scaling exponent �, a self-similarity pa-
rameter which represents the long-range power-law correla-
tion properties of the signal. If �=0.5, there is no correlation
and the signal is uncorrelated �white noise�; if ��0.5, the
signal is anticorrelated; if ��0.5, the signal is positively
correlated; and �=1.5 indicates Brownian motion �integrated
white noise�. For stationary signals with long-range power-
law correlations, the value of the scaling exponent � is re-
lated to the exponent � characterizing the power spectrum
S�f�= f−� of the signal, where �=2�−1 �14�. Thus, the spe-
cial case of 1 / f noise, where �=1, observed in various

physiological and biological system dynamics, correspond-
ing to �=1. Since the power spectrum of stationary signals is
the Fourier transform of the autocorrelation function, for sig-
nals with scale-invariant long-range positive correlation and
��1, one can find the following relationship between the
autocorrelation exponent � and the power spectrum exponent
� for signals with scale-invariant long-range correlations: �
=1−�=2−2�, where � is defined by the autocorrelation
function C���=�−�, and should satisfy 0���1 �89�.

We note that for anticorrelated signals, the scaling expo-
nent � obtained from the DFA method overestimates the true
correlations at small scales n �82�. To avoid this problem,
one needs first to integrate the original anticorrelated signal
and then apply the DFA method. The correct scaling expo-
nent can thus be obtained from the relation between n and
F�n� /n �instead of F�n�� �see Fig. 4�a��. This procedure is
applied for all cases of anticorrelated signals in this study. In
our analysis in the following sections we apply DFA-2. The
choice of DFA-2 is dictated by the fact that this order of
DFA-l can accurately quantify the scaling behavior of signals
with exponents in the range 0���3 �85�, which covers
practically all signals generated by real-world systems.
Moreover, earlier investigations have demonstrated that
DFA-2 is sufficient to accurately quantify a broad range of
nonstationary signals generated by different physiologic
dynamics—e.g., for heartbeat and gait dynamics the expo-
nent � obtained from higher order DFA-l is not significantly
different compared to � obtained from DFA-2 �49�. Further,
deviations from scaling which appear at small scale become
more pronounced in higher order DFA-l �89�. In order to
provide an accurate estimate of F�n�, the largest box size n
we use is n=N /8, where N is the signal length.

B. Procedure to generate stationary signals with long-range
power-law correlations

We use a modified Fourier filtering technique �90� to gen-
erate stationary long-range power-law correlated signals u�i�
�i=1,2 , . . . ,N� with mean �u�i��=0 and standard deviation
	=1. The correlations of u�i� are characterized by a Fourier
power spectrum of a power-law form S�f�
 f−�, where f is
the frequency. By manipulating the Fourier spectrum of ran-
dom Gaussian-distributed sequences, we generate signal u�i�
with desired power-law correlations. This method consists of
the following steps:

�i� first, we generate a Gaussian-distributed sequence 
�i�
with mean �
�i��=0 and standard deviation 	
=1, and we
calculate its Fourier transformation 
̂�f�.

�ii� Next, we generate û�f� using the following transfor-
mation:

û�f� = 
̂�f� · f−�/2, �3�

where û�f� is the Fourier transform of the desired correlated
signal u�i� characterized by a Fourier power spectrum of the
form

S�f� = �û�f��2 
 f−�. �4�

�iii� We calculate the inverse Fourier transform of û�f� to
obtain u�i�. The generated stationary signal u�i� is then nor-
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malized to zero mean and unit standard deviation.

C. Algorithm to generate surrogate signals with randomly
removed segments

We introduce a segmentation approach to generate surro-
gate nonstationary signals ũ�i� by randomly removing data
segments from a stationary correlated signal u�i� and stitch-
ing together the remaining parts of u�i�. Such “cutting” pro-
cedure is often used in the preprocessing of data prior to
analysis in order to eliminate, for example, segments of data
artifacts. The proposed segmentation approach allows the
simulation of empirical data series where data segments are
lost or removed. The surrogate signals ũ�i� are characterized
by four parameters: �i� the DFA scaling exponent � of the
original signal u�i�, �ii� the percentage p of the data removed,
�iii� the average length � of the removed data segments as
well as �iv� the functional form P�l� of the distribution of the
length l of the removed data segments.

To generate a surrogate signal ũ�i� from the original sig-
nal u�i�, we first construct a binary sequence g�i� with the
same length N as u�i�. In our algorithm the positions i where
g�i�=0 will correspond to the positions at which data points
in u�i� are removed, while the positions where g�i�=1 will
correspond to the positions in u�i� where data points are
preserved �Fig. 1�.

We developed the following method to construct the bi-
nary series g�i�:

�i� we generate the lengths lj �j=1,2 , . . . ,M� of the seg-
ments that will be removed from the original signal u�i� by
randomly drawing integer numbers from a given probability
distribution P�l� with mean value �. Each integer number
drawn from P�l� represents the length of a segment removed
from u�i�. The process continues until the summation of the
lengths of all removed segments becomes equal or exceeds a
predetermined amount pN of data to be removed, i.e.,

�
j=1

M

lj � pN , �5�

where M is the minimal number to fulfill Eq. �5�. Eventually,
we will cut the size of the last segment to obtain the exact
fraction pN of the lost data.

�ii� We append a “1” to each element in the series �lj
which will serve as a separator between two adjacent seg-

ments �see step �iv��, and results in a new series ��lj ,1�.
Note that now the summation over the series yields pN+M.

�iii� We append �N− �pN+M�� number of elements ‘‘1’’ to
the end of the series ��lj ,1� to obtain an extended series
where the sum of all elements is N, equal to the length of the
original series u�i�. This extended series is then shuffled
leading to a set of M elements �lj ,1� randomly scattered in a
“sea” of �N− �pN+M�� of elements ‘‘1’’ �see Eq. �6��.

�iv� Next, we replace the numbers lj in Eq. �6� with lj
elements of zeros, to obtain a binary series g�i� as shown in
Eq. �7�.
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FIG. 2. Examples of theoretical probability density for �a�
Gaussian distribution and �b� power-law distribution used in our
simulations of different situations of data loss. The parameters for
the functional form of distributions are determined by the average
length � we chose for each simulation and by specific boundary
conditions, i.e., for the Gaussian distribution, we set the probability
of the smallest segment length P�l=1�=1 / pN, and for the power-
law distribution we set the probability of the largest segment length
P�l= lmax�=1 / pN �see text for details�.
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FIG. 3. Illustration of data removal from stationary correlated
signals. Removed data segments �shaded regions� are randomly po-
sitioned within the original signal and their lengths l are drawn from
an exponential distribution P�l�= 1

�exp�−l /�� with average value �.
An average length �=10 is chosen for �a� the anticorrelated signal
�DFA scaling exponent �=0.3� and �b� the positively correlated
signal ��=1.3�. Larger segments with �=50 are removed from �b�
anticorrelated signal ��=0.3� and �d� positively correlated signal
��=1.3�.
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FIG. 1. Illustration of generating a surrogate signal ũ�i� by re-
moving data points from the original signal u�i� according to a
binary series g�i�. The positions i where g�i�=0 �or 1� correspond to
the positions at which data points in u�i� are removed �or preserved�
to obtain ũ�i�.
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�. . . ,1, �lj,1�, 1, . . . ,1, �lj+1,1�, �lj+2,1�, 1, . . . , �6�

�. . . ,1,0, . . . ,0,1, 1, . . . ,1,0, . . . ,0,1, 0, . . . ,0,1,1, . . .� .
�7�

Note that, in step �iii� of our algorithm, the shuffling of
the extended series may lead to two or more �lj ,1� elements,
which represent removed data segments, to become direct
neighbors �Eq. �6��. Adding ‘‘1’’ to each element �lj in step
�ii� thus ensures that adjacent �lj ,1� elements in the shuffled
extended series in Eq. �6� would not allow two or more sepa-
rate removed segments to be merged leading to the formation
of removed segments with longer average length � and dif-
ferent form of their probability distribution compared to the
original choice in step �i� of the algorithm.

Finally, the surrogate signal ũ�i� is obtained by simulta-
neously scanning the original signal u�i� and the binary se-
ries g�i� from Eq. �7�, removing the i-th element in u�i� if
g�i��0 and concatenating the segments of the remaining
data �Fig. 1�.
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FIG. 4. �Color online� Effect of data loss on the scaling behavior
of long-range correlated signals with length N=220 �before data
removal�, zero mean and unity standard deviation. The lengths of
the removed segments are drawn from an exponential distribution
with mean �=10. �a� Scaling behavior of anticorrelated signals
�scaling exponent ��0.5� with a data loss of 10% �blue circles�,
65% �red triangles�, and 90% �green squares�. Note that, to obtain
an accurate estimation of the DFA scaling exponent � for anticor-
related signals, we first integrate the signals and then we apply the
DFA method. Thus, to obtain the correct scaling exponent for anti-
correlated signals we divide F�n� by n to account for the integration
of the signals and next we plot F�n� /n vs the scale n �see also Sec.
II A and Fig. 15 in �82��. �b� Scaling behavior of positively corre-
lated signals �scaling exponent ��0.5� with 10%, 65%, and 90%
data loss. The scaling behavior of strongly anticorrelated data is
dramatically changed even when only 10% of the data are removed.
A crossover at scale nx indicates a transition �arrow�, due to loss of
data in the signals, from the original anticorrelated behavior with
�=0.1 to an uncorrelated behavior with �=0.5. In contrast, for
positively correlated signals, i.e., 0.5���1.5 only an extreme data
loss of 90% leads to small deviations from the original scaling
behavior. This effect becomes weaker for increasing values of �. As
expected, for �=0.5 �white noise� and �=1.5 �Brownian noise� data
removal does not affect the scaling behavior.
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FIG. 5. �Color online� Effect of data loss on the scaling behavior
of short signals �N=4000 before data removal�. �a� Removing up to
50% of the data �i.e., 2000 data points remain� does not have an
observable effect on the scaling behavior of positively correlated
signals and leads to small deviations from the original scaling be-
havior in anticorrelated signals. �b� Extreme data loss of 90% �i.e.,
only 400 data points remain� leads to more pronounced deviations
from the original scaling behavior. In general, the deviations are
smaller with larger average length � of removed segments.
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In this study, we consider four different functional forms
of the probability distribution P�l� of segment lengths l, i.e.,
exponential, Gaussian, � and power-law distributions, and
we use the average length � of the removed data segments as
a common parameter to compare the effect of removed data
segments with different distributions. For the exponential
and � distribution, the average length � is sufficient to de-
termine their probability distribution functions. The Gaussian
and power-law distributions require additional parameters to
be clearly defined, and thus, we need to introduce boundary
conditions, so that these parameters can be related to the
average length �.

The functional form of the Gaussian distribution is

P�l� =
1

	2	2
exp�−

�l − ��2

2	2 � , �8�

where � is the average and 	 is the standard deviation of the
segment lengths l. Since with a fixed small 	, the Gaussian
distribution is not much different from a � distribution, and
with a fixed large 	, the Gaussian distribution resembles an
exponential distribution, we relate 	 with � in such a way, as
a boundary condition, that the smallest segment �l=1� can
only be obtained �statistically� once in each realization, i.e.,
P�l=1��1 / pN, where N is the length of the original signal,
and p is the percentage of data loss.

The functional form of a power-law distribution is given
by

P�l� = alk, l � �1,lmax� , �9�

with �1
lmaxP�l�dl=1 and the average length �=�1

lmaxlP�l�dl.
Similar to the Gaussian distribution, we set the probability of
the largest segment to P�l= lmax��1 / pN. With these three
boundary conditions, we can relate the three parameters a, k,
and lmax in Eq. �9� with the average length �.

In Fig. 2, we show examples of Gaussian and power-law
distributions with different average lengths � based on the
criteria described above. Figure 3 shows examples of our
procedure of data removal. The lengths of the removed seg-
ments were chosen to be exponentially distributed with dif-
ferent average length.

III. RESULTS

A. Effect of data loss on global scaling

Previously, we have studied the effect of data loss on the
scaling behavior of long-range correlated signals by remov-
ing data segments with fixed length �83�. We have found that
data loss in anticorrelated signals substantially changes the
scaling behavior even when only 1% of data are removed. In
contrast, the scaling behavior of �positively� correlated sig-
nals is practically not affected even when up to 50% of the
data are removed. Data loss generally causes a crossover in
the scaling behavior of anticorrelated signals. At the scales
larger than the crossover the anticorrelated scaling behavior
is completely destroyed and resembles uncorrelated behav-
ior. This crossover is shifted to smaller scales with increasing
percentage of removed data or decreasing length of the re-
moved segments, indicating a stronger effect on the scaling
behavior.

In most cases, the length of data loss segments is not fixed
but random and follows a certain distribution. How does the
distribution of data loss segments influence the scaling be-
havior of correlated signals? In some cases, especially when
archeological data are studied, the percentage of data loss
can be extremely large �and can reach up to 95% �91��.
Would the extreme data loss affect also positively correlated
signals? To address these questions, in this section we study
the effect of data loss caused by random removal of data
segments that follow a certain distribution.

First, we consider the case in which the lengths of data
loss segments are exponentially distributed. Following the
approach introduced in Sec. II C, we first generate stationary
correlated signals u�i� with length N=220 and with scaling
exponents � ranging from 0.1 to 1.5, and then randomly
remove exponentially distributed data segments from the
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FIG. 6. �Color online� Two examples of the effect of extreme
data loss: �a� interstride intervals of human gait and �b� annual
prices of pepper in England in the period 1209–1914. Removing up
to 90% of the gait intervals and up to 75% of the commodity data
using segments of different average length � does not significantly
affect the global scaling behavior. Closed symbols represent a
single realization and open symbols indicate the mean and standard
deviations obtained from 100 realizations of randomly removing
data segments. The lengths of the removed data segments are drawn
from an exponential distribution.
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original signal u�i� to obtain surrogate signals ũ�i�. As illus-
trated in Fig. 4, the rms fluctuation function F�n� shows
similar changes in the scaling behavior as observed in �83�
where segments with a fixed length were removed from the
original signal. �i� The scaling behavior of surrogate signals
strongly depends on the scaling exponent � of the original
signals. �ii� The anticorrelated signals substantially change
their scaling behavior even if only 10% of the data are re-

moved �Fig. 4�a��. A crossover from anticorrelated to uncor-
related ��=0.5� behavior appears at scale nx due to data loss,
i.e., at the scales larger than nx, the anticorrelations in the
original signals are completely destroyed. The crossover
scale nx is shifted to smaller scales with increasing percent-
age of lost data. �iii� In contrast, positively correlated signals
show practically no changes for up to 65% of data loss �Fig.
4�b��. Surprisingly, even with extreme data loss of up to 90%
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FIG. 7. �Color online� Effect of data loss on the local scaling behavior �quantified by local scaling exponent �loc� of long-range
power-law correlated signals. The symbols indicate average �loc values obtained from 100 different realizations of surrogate signals with the
same correlation exponent � and the error bars show the standard deviations. The more data are removed, the more the scaling exponent
deviates from the original exponent. The data loss segments are exponentially distributed with average length �=10 ��a�–�c�� and �=100
��d�–�f��. For anticorrelated signals, the removal of larger segments ��=100� has less effect on the scaling behavior. For positively correlated
signals, the deviations vary across scales, showing both overestimated and underestimated regions.
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FIG. 8. �Color online� Effect of the average length � of data loss segments �a�-�d� and effect of the percentage p of data loss �e�–�h� on
the local scaling behavior in anticorrelated signals ��a�, �e�: �=0.3� and positively correlated signals ��b�, �f�: �=0.7; �c�, �g�: �=1.0; �d�, �h�:
�=1.3�. For �a�–�d�, p=90% of data are removed, and for �e�–�h�, the average length of removed segments �=100. In all the cases, the
removed segments are exponentially distributed, and the length of the original signals is N=220. To clearly see the power-law relation
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to the curves shown in Fig. 7 �rectangle: �=10, p=90%; diamond: �=100, p=90%; circle: �=100, p=65%; triangle: �=100; p=10%�.
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of the signal the scaling behavior is still practically pre-
served, exhibiting a slightly lower exponent � �waker
correlations�—an effect which is less pronounced with in-
creasing values of � �see Fig. 4�b��.

Next, we consider the case in which the length of the
original signal is much shorter �N=4000�, as illustrated in
Fig. 5. We find that the scaling behavior of both anticorre-
lated and positively correlated signals with extreme data loss
change in the same way as we observed in Fig. 4 �where N
=220�. In addition, we find �see Fig. 5� that when increasing
the average length � of the data loss segments, the scaling
behavior of the surrogate signals deviates less from the origi-
nal scaling behavior. Thus, removing the same percentage of
the data using longer �and fewer� segments has a lesser im-
pact on the scaling behavior of both positively correlated and
anticorrelated signals compared to removing segments with
smaller average length �.

To show how missing data segments affect correlations in
real-world signals, we consider two examples of complex
scale-invariant dynamics: �i� human gait as a representative
of integrated physiologic systems under neural control with
multiple-component feedback interactions �Fig. 6�a��, and
�ii� commodity price fluctuations from England across sev-
eral centuries reflecting complex economic and social inter-
actions �Fig. 6�b��. In agreement with our tests on surrogate
signals shown in Figs. 4 and 5, our analyses of real data
confirm the observation that even extreme data loss of up to
90% does not significantly affect the global scaling behavior
of positively correlated ���0.5� signals.

B. Properties of removed data segments: Effect of data loss
on local scaling

To reveal in greater detail the effect of data loss, we in-
vestigate the local scaling behavior of the F�n� curves by
fitting F�n� locally in a window of size w=3 log 2. We de-
termine the local scaling exponent �loc at different scales n
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FIG. 9. �Color online� Effect of different kinds of distributions
of data loss segments on the local scaling behavior. The power-law
distributed data loss segments lead to higher values of �loc for posi-
tively correlated signals and lower values for anticorrelated signals
compared to the other distributions. There is no difference between
Gaussian and �-distributed segments which yield slightly lower �loc

values than exponentially distributed signals. For anticorrelated sig-
nals, exponentially, Gaussian and �-distributed segments lead to
identical �loc values whereas the power-law distribution yields
slightly lower local scaling exponents.
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FIG. 10. �Color online� Effect of the average length � of data loss segments on the local scaling behavior in long-range correlated signal
with �=1.0. The length of the data loss segments are �a� exponentially distributed, �b� Gaussian distributed, �c� � distributed, and �d�
power-law distributed. In all the cases, p=90% of data are removed, and the length of the original signals is N=220. The behavior of how
�loc changes with � is similar for exponential, Gaussian and � distribution, while the power-law distribution shows less variations. The local
scaling curves highlighted by black symbols correspond to the curves shown in Fig. 9.
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by moving the window w in small steps of size �= 1
4 log 2

starting at n=4.
In Fig. 7, we show �loc for 10%, 65%, and 90% of data

loss, and the average length of the data loss segments is �
=10 �cf. Figure 4�. The scaling behavior of anticorrelated
signals shows systematic deviations from the original behav-
ior: the stronger the anticorrelations, the faster is the decay of
�loc toward 0.5 �uncorrelated behavior�. The deviations are
stronger when more data were removed from the original
signal. Note that when 90% of the data are removed, the
correlation properties of originally anticorrelated signals are
completely destroyed �Fig. 7�c��, because there are practi-
cally no consecutive data points of the original signals pre-
served in the surrogates when �=10 and p=90% �see Sec.
III C and Eq. �10��. When increasing the average length of
the removed segments from �=10 to 100 �Fig. 7�, the scal-
ing behavior of anticorrelated signals is less affected and
�loc=0.5 is reached at larger scales.

For positively correlated signals �0.5���1.5�, the effect
of data loss is more complex. The local scaling exponents
show significant and systematic deviations from the original
scaling behavior not observed in the rms fluctuation func-
tions F�n� in Fig. 4�b�. The deviations from the original scal-
ing behavior are more pronounced for a higher percentage of
data loss and vary across scales. For small average length
��=10, Figs. 7�a�–7�c��, the local scaling exponent is under-
estimated at small scales and gradually recovers to the origi-
nal scaling behavior at larger scales. For a larger average
length of removal data segments ��=100, Figs. 7�d�–7�f��,
we find overestimated regions at small scales and underesti-
mated regions at large scales. The overestimation of the local
scaling behavior is more pronounced for stronger positively

correlated signals, while the underestimation is more pro-
nounced for weaker positively correlated signals.

An interesting phenomenon seen in Fig. 7 is that for an-
ticorrelated signals the scale at which �loc reaches 0.5 �un-
correlated behavior� is shifted toward smaller scales with in-
creasing percentage of data loss. Similarly, for positively
correlated signals, the overestimated and underestimated re-
gions are also shifted toward smaller scales, when a higher
percentage of data is removed. This phenomenon occurs in
both cases �=10 and 100.

To understand precisely how the two parameters—the av-
erage length � of the data loss segments and the percentage
p of data loss—influence changes in the local scaling behav-
ior in Figs. 8�a�–8�d� we show how �loc changes with the
average length � of the removed segments. For anticorre-
lated signals, the scale at which �loc reaches 0.5 monotoni-
cally increases and shows a power-law relationship with �
�Fig. 8�a��. For positively correlated signals, as shown in
Figs. 8�b�–8�d�, the overestimated regions at small scales as
well as the underestimated regions at large scales are shifted
to higher scales with increasing �. This shift in the local
scaling behavior also follows a power law with average
length � �Fig. 8�c�, inset�.

In Figs. 8�e�–8�h�, we show how the percentage p of data
loss influence changes in the local scaling behavior. For a
fixed average length �=100, we find that the deviation from
the original scaling behavior is more pronounced for higher
values of p in both anticorrelated and positively correlated
signals, as also observed in Fig. 7. The scaling behavior of
positively correlated signals also shows overestimated re-
gions at small scales and underestimated regions at large
scales �Figs. 8�f�–8�h��, although not as clear as in Figs.
8�b�–8�d�. Both regions are shifted to larger scales with de-
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FIG. 11. �Color online� Effect of the percentage p of data loss on the local scaling behavior in long-range correlated signal with �
=1.0. The length of the data loss segments are �a� exponentially distributed, �b� Gaussian distributed, �c� � distributed, and �d� power-law
distributed. In all the cases, the average length of removed segments �=100, and the length of the original signals N=220. Similar to Fig.
10, the exponential, Gaussian and � distributions show similar changes in �loc with p, while the power-law distribution shows less variations.
The local scaling curves highlighted by black symbols correspond to the curves shown in Fig. 9.
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creasing percentage of data loss as illustrated in the inset in
Fig. 8�g�.

To understand whether different functional forms of dis-
tributions of data loss segments have different effects on the
scaling behavior, we repeated the same tests with three other
kinds of distributions: a Gaussian distribution, a � distribu-
tion �i.e., segments have fixed length� and a power-law dis-
tribution. We find that all three kinds of distributions show
similar deviations from the original local scaling behavior as
reported above for exponentially distributed data loss seg-
ments. However, for power law distributed segments lengths,
the estimated local scaling exponents are generally higher
�lower� across scales for positively �anti�correlated signals
�Fig. 9�. When increasing the average length � of the re-

moved data segments or increasing the percentage p of data
loss, the power-law distribution shows less variations than
the other three kinds of distributions �Figs. 10 and 11�.

C. Properties of remaining data segments: Effect of data loss
on local scaling

In the previous section, we tested the effect of data loss by
specifying the distribution and average length of removed
segments. In this section, we study the effect of data loss by
specifying the distribution and average length of remaining
data segments. The results obtained by focusing on the prop-
erties of remaining data segments are different from what
was shown above and will lead to a better understanding of
the effect of data loss on the scaling behavior of long-range
correlated signals.

The approach to generate the appropriate surrogate sig-
nals with different properties of remaining data segments is
similar to the one described in Sec. II C, except that now the
binary series g�i� are obtained according to the parameters of
the remaining data segments, and the surrogate signals ũ�i�
are generated by removing the i-th data point in the original
signal u�i� if g�i�=1, and preserving the i-th data point if
g�i�=0. The relation between the average length of data loss
segments ��l� and remaining data segments ��r� can be de-
rived as follows:

Let the length of the original signal be N. If pl is the
percentage of data loss, the amount of data loss is given by
Nl= plN, and the amount of remaining data is given by Nr
= prN= �1− pl�N. If �l is the average length of the lost data
segments, the number of lost segments is approximately
given by nl�Nl /�l. The number of remaining data segments
is approximately equal to the number of data loss segments,
i.e., nr�nl. Hence, the average length of the remaining data
segments is

�r �
Nr

nr
�

�1 − pl�
pl

�l. �10�

Note that the lengths of data loss segments are always geo-
metrically distributed due to the shuffling procedure in our
segmentation approach �see Sec. II C and Fig. 12�.

We find similar changes in the scaling behavior as ob-
served in Fig. 7 where the distribution of removed segment
lengths was specified. As illustrated in Fig. 13 where the
lengths of remaining segments are exponentially distributed,
the local scaling behavior of anticorrelated surrogate signals
deviate monotonically from original behavior toward uncor-
relation at larger scales. While the local scaling exponents of
positively correlated surrogate signals vary across scales,
showing both overestimated and underestimated regions.
These regions as well as the scales at which the anticorre-
lated signals reach �loc=0.5 are also shifted toward larger
scales when the average length of remaining segments �r
increases. However, in contrast to what was observed in Fig.
7, there is no shift to smaller scales with increasing percent-
age of data loss. Note that, according to Eq. �10�, an average
length �r=10 of remaining segments and a percentage pr
=10% of remaining data �as shown in Fig. 13�c��, corre-
sponds to an average length �l=90 of removed segments and
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FIG. 12. The distributions of remaining data segments �left col-
umn� and corresponding distributions of data loss segments �right
column�. The remaining data segments follow �a� exponential, �b�
power law, �c� Gaussian, and �d� � distribution with average length
�r=100 and 35% of data remaining. The data loss segments are
always geometrically distributed independent of the distributions of
remaining segments. Note that, the average lengths are practically
the same as estimated from Eq. �10�.
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a percentage pl=90% of removed data. Thus the local scal-
ing behavior observed in Fig. 13�c� is vary similar to Fig.
7�g� �where �l=100 and pl=90%�, and Fig. 13�d� ��r=100,
pr=90%, and correspondingly �l=11, pl=10%� is similar to
Fig. 7�a� ��l=10, pl=10%�.

In Figs. 14�a�–14�d�, we show how the local scaling be-
havior changes with the average length �r of remaining seg-
ments. Similar to Figs. 8�a�–8�d� where the distribution of
removed segments was specified, the variation in the local
scaling behavior of positively correlated signals also shows
overestimated regions at smaller scales followed by underes-
timated regions at larger scales. Both regions are shifted to
larger scales, when the average length of remaining segments
increases, forming a power-law relationship between the

shift in the local scaling behavior and �r �Fig. 14�c��. For
anticorrelated signals the local scaling behavior also shows a
power-law relationship between the scale at which �loc
reaches 0.5 and the average length �r. Note that, according
to Eq. �10�, the �loc curves from �r=8 to 455 in Figs.
14�a�–14�d� correspond to �l=72 to 4095 in Figs. 8�a�–8�d�,
thus the local scaling behavior in these two regions are very
similar.

With increasing percentage pr of remaining data, the de-
viation from the original scaling behavior becomes smaller
�Figs. 14�e�–14�h��. However, for anticorrelated signals, the
scale at which �loc reaches 0.5 does not depend on the per-
centage of data loss �Fig. 14�e��, in contrast to Fig. 8�e�
where removed data segments were studied. Similarly, the
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FIG. 13. �Color online� Effect of data loss on the local scaling behavior of long-range correlated signals. The lengths of the remaining
data segments are exponentially distributed with average length �r=10 ��a�–�c�� and �r=100 ��d�–�f��. The symbols indicate average �loc
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MA et al. PHYSICAL REVIEW E 81, 031101 �2010�

031101-12



overestimated regions in positively correlated signals are
also not shifted with the percentage of data loss �Figs.
14�f�–14�h�, and compare to Fig. 8�f�–8�h��.

Next, we investigate how different kinds of distributions
of remaining data segments influence the local scaling be-
havior. As illustrated in Fig. 15, the surrogate signals gener-
ated by using Gaussian or � distribution have almost identi-
cal local scaling behavior and the most pronounced deviation
from the original local scaling behavior, whereas the power-

law distribution shows the smallest deviations. Note that, the
local scaling exponent of surrogate signals generated by a
�-distribution jump to larger �loc values at certain small
scales when the scaling exponent of the original signal is 1.3,
1.4, and 1.5. This behavior is caused by the discontinuities in
the surrogate signal at the transition points between remain-
ing data segments, and since the remaining segments are of
fixed length, the transition points occur periodically. If the
segment length ��=100 in Fig. 15� is an integral multiple of
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FIG. 14. �Color online� Effect of the average length �r of remaining data segments �a�–�d� and effect of the percentage pr of remaining
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all the cases, the remaining segments are exponentially distributed, and the length of the original signals N=220. The symbols in the inset
figures in �c� and �g� indicate the positions where �loc values reach a maximum �red closed circle� and a minimum �blue open circle�, which
show that the overestimated and underestimated regions are shifted to larger scales only with increasing �r and are not shifted with the
percentage pr of remaining data changes. The local scaling curves highlighted by black symbols correspond to the curves shown in Fig. 13
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the size of the fitting boxes �scales� in the DFA algorithm
�e.g., n=10,20,25,50�, the transition points are not included

in any fitting box and thus the rms fluctuation functions of
the surrogate signals will be the same as in the original sig-
nals. In all other cases, the discontinuities inside the fitting
box will cause larger rms fluctuation functions and lead to
jumps in the local scaling exponents at certain scales n
��r as observed in Fig. 15.

In Fig. 16, we show how the local scaling curves of posi-
tively correlated signals change with the average length �r of
remaining segments, which follow an exponential distribu-
tion �Fig. 16�a��, a Gaussian distribution �Fig. 16�b��, a �
distribution �Fig. 16�c��, and a power-law distribution �Fig.
16�d��. The Gaussian and � distributions lead to a similar
local scaling behavior with regions of pronounced overesti-
mation and underestimation which are shifted to larger scales
for increasing values of �r. This shift is also observed in the
case of the exponential distribution, however, the deviation
from the original scaling behavior �overestimation/
underestimation� is less pronounced. In contrast, the power-
law distribution shows less variation in the local scaling be-
havior and does not lead to such distinct regions of
overestimated and underestimated �loc values. In addition,
the local scaling curves do not show a clear dependency
�“shift”� with the average length of remaining segments �r.

The variation of the local scaling curves with the percent-
age pr of remaining data for the four different distributions
are presented in Fig. 17. Similar as shown in Fig. 14, the
scale of most pronounced deviation from the original scaling
behavior is independent of the percentage pr of remaining
data.

IV. SUMMARY AND CONCLUSION

In this paper, we studied the effect of extreme data loss on
the DFA scaling behavior of long-range power-law correlated
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FIG. 15. �Color online� Effect of different kinds of distributions
of remaining data segments on the local scaling behavior. The
Gaussian and � distributions lead to identical and most pronounced
deviations from the original scaling behavior for both anticorrelated
and positively correlated signals. The power-law distribution leads
to lowest deviations for anticorrelated signals and a smoother be-
havior of �loc versus �r, i.e., a less pronounced over and underes-
timation of the original scaling behavior for positively correlated
signals. Interestingly, for positively correlated signals, all four kinds
of distributions yield the same local scaling exponent �loc at certain
scale �n�300 for �r=100�. Note that in case of the �-distribution,
large jumps of �loc values at small scales occur for original scaling
exponents �=1.3 to 1.5 �see text for more details�.
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signals. In order to simulate extreme data loss, often encoun-
tered in archeological and geological data, we developed a
segmentation approach to generate correlated signals with
randomly removed data segments. Using this approach, sur-
rogate signals can be generated for different percentages of
data loss, different average lengths and different distributions
of removed/remaining data segments. We compared the dif-
ference between the DFA scaling behavior of original and
surrogate signals by systematically changing the percentage
of data loss and the average length of removed/remaining
segments, and we also consider different functional forms of
the distributions of removed/remaining segment lengths. We
studied changes in the global scaling behavior as well as in
the local scaling exponents to reveal subtle deviations across
scales.

We find that anticorrelated signals are very sensitive to
data loss. Even if only 10% of the data are removed, the
scaling behavior of the surrogate signals changes dramati-
cally, showing uncorrelated behavior at large scales. In con-
trast, positively correlated signals are more robust to data
loss and no significant changes in the global scaling behavior
are observed for up to 90% of data loss. However, in case of
extreme data loss, we find significant and systematic devia-
tions in the local scaling behavior which is overestimated at
small scales and underestimated at large scales. Specifically,
we find that for anticorrelated signals the scale at which the
local scaling exponent �loc reaches 0.5 shifts to larger scales
with increasing the average length �l �or �r� of the removed

�or remaining� segments, following a power-law relationship
with �l �or �r�. For positively correlated signals the regions
of overestimation and underestimation of the local scaling
exponent are also shifted to larger scales following a power
law with increasing �l �or �r�.

As expected, increasing the percentage of data loss leads
to more pronounced deviations in the local scaling behavior.
However, the variation in local scaling curves follows differ-
ent rules if the properties of either removed segments or
remaining segments are considered. When the average length
�l of removed data segments is kept constant, for increasing
percentage pl of removed data, the deviations of both anti-
correlated and positively correlated signals are shifted to
smaller scales following a power law with pl. When we focus
on remaining data segments and keep their average length �r
constant, the deviations become more pronounced with de-
creasing percentage pr of remaining data, however, the de-
viations occur at the same scales.

This behavior can be explained by the relationship be-
tween removed and remaining data. In case of a fixed per-
centage of removed or remaining data, �l and �r are always
directly proportional to each other �Eq. �10�� and therefore
the deviations �and the shift of the most pronounced devia-
tion� show a similar power-law relation with �l and �r, while
fixing the average length of removed or remaining segments
leads to two different scenarios: �i� fixing �l and changing pl
leads to changes in �r proportional to pl; �ii� fixing �r and
changing pr leads to changes in �l proportional to pr. Since
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the scale of the most pronounced deviation from the original
scaling behavior is shifted for scenario �i� where �r is chang-
ing and �l is fixed, but not scenario �ii� where �l is changing
and �r is fixed, changes in �l do not contribute to the ob-
served shift. Thus, we suggest that �r is the key parameter to
determine the scales at which the scaling behavior is mostly
influenced, whereas the percentage of data loss determines
the extent of this influence.

Different distributions of the lengths of removed/
remaining segments affect the local scaling behavior differ-
ently. For Gaussian and �-distributed segment lengths, devia-
tions are most pronounced and similar in extent, whereas
power-law distributed segments show smallest deviations
and a very different overall behavior when compare to expo-
nential, Gaussian and �-distributed segments.

In conclusion, our study shows that it is important to con-
sider not only the percentage of data loss �removed/
remaining data�, but also the average length of remaining
segments to identify the scales at which deviations from the
original �“real”� DFA scaling behavior is most pronounced.
Therefore, when studying the scaling properties of signals
with extreme data loss, the DFA results should be carefully
interpreted to reveal the real scaling behavior.
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Detrended fluctuation analysis (DFA) is an improved method of classical fluctuation analysis for

nonstationary signals where embedded polynomial trends mask the intrinsic correlation properties
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large amount of data is missing or removed due to artifacts, we investigate how extreme data loss

affects the scaling behavior of long-range power-law correlated and anticorrelated signals. We

introduce a segmentation approach to generate surrogate signals by randomly removing data
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signals we generate are characterized by four parameters: (i) the DFA scaling exponent alpha of the

original correlated signal u(i), (ii) the percentage p of the data removed from u(i), (iii) the average

length mu of the removed (or remaining) data segments, and (iv) the functional form P(l) of the

distribution of the length l of the removed (or remaining) data segments. We find that the global

scaling exponent of positively correlated signals remains practically unchanged even for extreme data

loss of up to 90%. In contrast, the global scaling of anticorrelated signals changes to uncorrelated

behavior even when a very small fraction of the data is lost. These observations are confirmed on two

examples of real-world signals: human gait and commodity price fluctuations. We further

systematically study the local scaling behavior of surrogate signals with missing data to reveal subtle

deviations across scales. We find that for anticorrelated signals even 10% of data loss leads to

significant monotonic deviations in the local scaling at large scales from the original anticorrelated to

uncorrelated behavior. In contrast, positively correlated signals show no observable changes in the

local scaling for up to 65% of data loss, while for larger percentage of data loss, the local scaling

shows overestimated regions (with higher local exponent) at small scales, followed by

underestimated regions (with lower local exponent) at large scales. Finally, we investigate how the

scaling is affected by the average length, probability distribution, and percentage of the remaining

data segments in comparison to the removed segments. We find that the average length mu(r) of the

remaining segments is the key parameter which determines the scales at which the local scaling

exponent has a maximum deviation from its original value. Interestingly, the scales where the

maximum deviation occurs follow a power-law relationship with mu(r). Whereas the percentage of

data loss determines the extent of the deviation. The results presented in this paper are useful to

correctly interpret the scaling properties obtained from signals with extreme data loss.

Citation Network

In Web of Science Core Collection

62
Times Cited

Create Citation Alert

All Times Cited Counts

63 in All Databases

See more counts

91 

Cited References

View Related Records

Most recently cited by:

Ma, Qianli D. Y.; Ji, Changjuan; Xie,

Huanhuan; et al.

Transitions in physiological coupling

between heartbeat and pulse across sleep

stages.

PHYSIOLOGICAL MEASUREMENT (2018)

Hong, Lucheng; Shu, Wantao; Chao,

Angela C.

Recurrence Interval Analysis on Electricity

Consumption of an Office Building in

China.

SUSTAINABILITY (2018)

View All

Use in Web of Science

Web of Science Usage Count

0 8 

Last 180 Days Since 2013

This record is from:

Web of Science Core Collection

 

Web of Science InCites Journal Citation Reports Essential Science Indicators EndNote Publons Sign In Help English 

My Tools Searches and alerts Search History Marked List

 Free Accepted Article From Repository       Add to Marked ListSave to EndNote online

 97  of  127 

Learn more

Search Search Results

http://apps.webofknowledge.com/home.do?SID=6Ed7LOEQCNVxUfGPZGT
http://apps.webofknowledge.com/OneClickSearch.do?product=UA&search_mode=OneClickSearch&SID=6Ed7LOEQCNVxUfGPZGT&field=AU&value=Ma,%20QDY&ut=4904661&pos=1&excludeEventConfig=ExcludeIfFromFullRecPage
javascript:sup_focus('addressWOS:000276199300011-1')
javascript:sup_focus('addressWOS:000276199300011-2')
javascript:sup_focus('addressWOS:000276199300011-3')
http://apps.webofknowledge.com/OneClickSearch.do?product=UA&search_mode=OneClickSearch&SID=6Ed7LOEQCNVxUfGPZGT&field=AU&value=Bartsch,%20RP&ut=1417689&pos=2&excludeEventConfig=ExcludeIfFromFullRecPage
javascript:sup_focus('addressWOS:000276199300011-1')
javascript:sup_focus('addressWOS:000276199300011-2')
http://apps.webofknowledge.com/OneClickSearch.do?product=UA&search_mode=OneClickSearch&SID=6Ed7LOEQCNVxUfGPZGT&field=AU&value=Bernaola-Galvan,%20P&ut=778204&pos=3&excludeEventConfig=ExcludeIfFromFullRecPage
javascript:sup_focus('addressWOS:000276199300011-4')
http://apps.webofknowledge.com/OneClickSearch.do?product=UA&search_mode=OneClickSearch&SID=6Ed7LOEQCNVxUfGPZGT&field=AU&value=Yoneyama,%20M&ut=1714209&pos=4&excludeEventConfig=ExcludeIfFromFullRecPage
javascript:sup_focus('addressWOS:000276199300011-5')
http://apps.webofknowledge.com/OneClickSearch.do?product=UA&search_mode=OneClickSearch&SID=6Ed7LOEQCNVxUfGPZGT&field=AU&value=Ivanov,%20PC&ut=224723&pos=5&excludeEventConfig=ExcludeIfFromFullRecPage
javascript:sup_focus('addressWOS:000276199300011-1')
javascript:sup_focus('addressWOS:000276199300011-2')
javascript:sup_focus('addressWOS:000276199300011-4')
javascript:sup_focus('addressWOS:000276199300011-6')
javascript:sup_focus('addressWOS:000276199300011-7')
javascript:hide_show('show_resc_blurb', 'inline');hide_show('show_resc_blurb_link', 'none');hide_show('hide_resc_blurb_link', 'inline')
javascript:;
http://apps.webofknowledge.com/CitingArticles.do?product=WOS&REFID=292742278&SID=6Ed7LOEQCNVxUfGPZGT&search_mode=CitingArticles&parentProduct=UA&parentQid=1&parentDoc=97&excludeEventConfig=ExcludeIfFromFullRecPage
javascript:csiovl('PCTAdd', '/OutboundService.do?action=go&mode=PCTAdd&product=UA&SID=6Ed7LOEQCNVxUfGPZGT&component=pct&forwardTo=None&qid=1&doc=97&colName=WOS&num_cited=62');
http://apps.webofknowledge.com/CitingArticles.do?REFID=292742278&SID=6Ed7LOEQCNVxUfGPZGT&search_mode=CitingArticles&parentProduct=UA&parentQid=1&parentDoc=97&product=UA&betterCount=63&excludeEventConfig=ExcludeIfFromFullRecPage&fromPID=WOS&toPID=UA
http://apps.webofknowledge.com/InterService.do?product=WOS&toPID=WOS&action=AllCitationService&isLinks=yes&highlighted_tab=WOS&last_prod=WOS&fromPID=UA&returnLink=http%3a%2f%2fapps.webofknowledge.com%2ffull_record.do%3fhighlighted_tab%3dUA%26search_mode%3dGeneralSearch%26qid%3d1%26log_event%3dyes%26product%3dUA%26SID%3d6Ed7LOEQCNVxUfGPZGT%26viewType%3dfullRecord%26doc%3d97%26page%3d2&srcDesc=RET2UA&srcAlt=Back+to+All+Databases&UT=WOS:000276199300011&search_mode=CitedRefList&SID=6Ed7LOEQCNVxUfGPZGT&parentProduct=UA&parentQid=1&parentDoc=97&recid=WOS:000276199300011&PREC_REFCOUNT=91&fromRightPanel=true
http://apps.webofknowledge.com/InterService.do?product=WOS&toPID=WOS&action=AllCitationService&isLinks=yes&highlighted_tab=WOS&last_prod=WOS&fromPID=UA&returnLink=http%3a%2f%2fapps.webofknowledge.com%2ffull_record.do%3fhighlighted_tab%3dUA%26search_mode%3dGeneralSearch%26qid%3d1%26log_event%3dyes%26product%3dUA%26SID%3d6Ed7LOEQCNVxUfGPZGT%26viewType%3dfullRecord%26doc%3d97%26page%3d2&srcDesc=RET2UA&srcAlt=Back+to+All+Databases&UT=WOS:000276199300011&parentProduct=UA&parentQid=1&search_mode=RelatedRecords&SID=6Ed7LOEQCNVxUfGPZGT&parentDoc=97
http://apps.webofknowledge.com//full_record.do?search_mode=MostRecentCitingArticles&qid=108&page=1&excludeEventConfig=ExcludeIfFromMostRecent&product=UA&SID=6Ed7LOEQCNVxUfGPZGT&colName=WOS&recordID=WOS:000429128600001&doc=1
http://apps.webofknowledge.com//full_record.do?search_mode=MostRecentCitingArticles&qid=108&page=1&excludeEventConfig=ExcludeIfFromMostRecent&product=UA&SID=6Ed7LOEQCNVxUfGPZGT&colName=WOS&recordID=WOS:000425943100029&doc=2
http://apps.webofknowledge.com/CitingArticles.do?product=UA&REFID=292742278&SID=6Ed7LOEQCNVxUfGPZGT&search_mode=CitingArticles&parentProduct=UA&parentQid=1&parentDoc=97&excludeEventConfig=ExcludeIfFromFullRecPage&betterCount=63
javascript:;
javascript: void('InCites')
javascript: void('JCR')
javascript: void('ESI')
javascript: void('EndNote')
javascript: void('PUBLONS')
javascript:void(0);
javascript: void('Help')
javascript: void(0)
javascript: void(0)
javascript: void(0)
http://apps.webofknowledge.com/UA_CombineSearches_input.do?product=UA&SID=6Ed7LOEQCNVxUfGPZGT&search_mode=CombineSearches
http://apps.webofknowledge.com/ViewMarkedList.do?action=Search&product=UA&SID=6Ed7LOEQCNVxUfGPZGT&mark_id=UDB&search_mode=MarkedList&entry_prod=UA
javascript:;
javascript:;
javascript:;
http://apps.webofknowledge.com/full_record.do?product=UA&search_mode=GeneralSearch&qid=1&SID=6Ed7LOEQCNVxUfGPZGT&excludeEventConfig=ExcludeIfFromFullRecPage&page=2&doc=96
http://apps.webofknowledge.com/full_record.do?product=UA&search_mode=GeneralSearch&qid=1&SID=6Ed7LOEQCNVxUfGPZGT&excludeEventConfig=ExcludeIfFromFullRecPage&page=2&doc=98
http://apps.webofknowledge.com/UA_GeneralSearch_input.do?product=UA&SID=6Ed7LOEQCNVxUfGPZGT&search_mode=GeneralSearch
http://apps.webofknowledge.com/summary.do?product=UA&search_mode=GeneralSearch&qid=1&SID=6Ed7LOEQCNVxUfGPZGT&page=2


2018/6/11 Web of Science [v.5.29] - All Databases Full Record

http://apps.webofknowledge.com/full_record.do?product=UA&search_mode=GeneralSearch&qid=1&SID=6Ed7LOEQCNVxUfGPZGT&page=2&doc=97 2/5

(from Web of Science Core Collection)

Keywords

KeyWords Plus: NONCODING DNA-SEQUENCES; POWER-LAW CORRELATIONS; HEARTBEAT TIME-

SERIES; EUR EXCHANGE-RATES; LINGUISTIC FEATURES; STATISTICAL PHYSICS; CARDIAC DYNAMICS;

TEMPERATURE-FLUCTUATIONS; NONLINEAR-ANALYSIS; INTERVAL DYNAMICS

Author Information

Reprint Address: Ivanov, PC (reprint author)

Harvard Univ, Sch Med, Boston, MA 02115 USA.

Addresses:

[ 1 ] Harvard Univ, Sch Med, Boston, MA 02115 USA

[ 2 ] Brigham & Womens Hosp, Div Sleep Med, Boston, MA 02115 USA

[ 3 ] Nanjing Univ Posts & Telecommun, Coll Geog & Biol Informat, Nanjing 210003, Peoples R

China

[ 4 ] Univ Malaga, Dept Fis Aplicada 2, E-29071 Malaga, Spain

       [ 5 ] Sci & Technology Res Ctr Inc, Mitsubishi Chem Grp, Yokohama, Kanagawa 2278502, Japan

[ 6 ] Boston Univ, Ctr Polymer Studies, Boston, MA 02215 USA

[ 7 ] Boston Univ, Dept Phys, Boston, MA 02215 USA

E-mail Addresses: plamen@buphy.bu.edu

Funding

Funding Agency Grant Number

Brigham and Women's Hospital Biomedical Research Institute Fund   

Spanish Junta de Andalucia  P06-FQM1858 

Mitsubishi Chemical Corp., Japan   

National Natural Science Foundation of China  60501003 

View funding text    

Publisher

AMER PHYSICAL SOC, ONE PHYSICS ELLIPSE, COLLEGE PK, MD 20740-3844 USA

Categories / Classification

Research Areas: Physics

Web of Science Categories: Physics, Fluids & Plasmas; Physics, Mathematical

See more data fields

View Record in Other Databases:

View medical data (in MEDLINE®)

Suggest a correction

If you would like to improve the quality of

the data in this record, please suggest a

correction.

 97  of  127 

Cited References: 91

Showing 30 of 91 View All in Cited References page

Nonlinear analysis of cardiac rhythm fluctuations using DFA method

By: Absil, PA; Sepulchre, R; Bilge, A; et al.

PHYSICA A-STATISTICAL MECHANICS AND ITS APPLICATIONS  Volume: 272   Issue: 1-2   Pages: 235-244   Published: OCT 1

1999

Times Cited: 39  

Detrending fluctuation analysis based on moving average filtering

By: Alvarez-Ramirez, J; Rodriguez, E; Echeverria, JC

Times Cited: 55  

1.

2.

http://apps.webofknowledge.com/OneClickSearch.do?product=UA&search_mode=OneClickSearch&excludeEventConfig=ExcludeIfFromFullRecPage&SID=6Ed7LOEQCNVxUfGPZGT&field=TS&value=NONCODING+DNA-SEQUENCES&uncondQuotes=true
http://apps.webofknowledge.com/OneClickSearch.do?product=UA&search_mode=OneClickSearch&excludeEventConfig=ExcludeIfFromFullRecPage&SID=6Ed7LOEQCNVxUfGPZGT&field=TS&value=POWER-LAW+CORRELATIONS&uncondQuotes=true
http://apps.webofknowledge.com/OneClickSearch.do?product=UA&search_mode=OneClickSearch&excludeEventConfig=ExcludeIfFromFullRecPage&SID=6Ed7LOEQCNVxUfGPZGT&field=TS&value=HEARTBEAT+TIME-SERIES&uncondQuotes=true
http://apps.webofknowledge.com/OneClickSearch.do?product=UA&search_mode=OneClickSearch&excludeEventConfig=ExcludeIfFromFullRecPage&SID=6Ed7LOEQCNVxUfGPZGT&field=TS&value=EUR+EXCHANGE-RATES&uncondQuotes=true
http://apps.webofknowledge.com/OneClickSearch.do?product=UA&search_mode=OneClickSearch&excludeEventConfig=ExcludeIfFromFullRecPage&SID=6Ed7LOEQCNVxUfGPZGT&field=TS&value=LINGUISTIC+FEATURES&uncondQuotes=true
http://apps.webofknowledge.com/OneClickSearch.do?product=UA&search_mode=OneClickSearch&excludeEventConfig=ExcludeIfFromFullRecPage&SID=6Ed7LOEQCNVxUfGPZGT&field=TS&value=STATISTICAL+PHYSICS&uncondQuotes=true
http://apps.webofknowledge.com/OneClickSearch.do?product=UA&search_mode=OneClickSearch&excludeEventConfig=ExcludeIfFromFullRecPage&SID=6Ed7LOEQCNVxUfGPZGT&field=TS&value=CARDIAC+DYNAMICS&uncondQuotes=true
http://apps.webofknowledge.com/OneClickSearch.do?product=UA&search_mode=OneClickSearch&excludeEventConfig=ExcludeIfFromFullRecPage&SID=6Ed7LOEQCNVxUfGPZGT&field=TS&value=TEMPERATURE-FLUCTUATIONS&uncondQuotes=true
http://apps.webofknowledge.com/OneClickSearch.do?product=UA&search_mode=OneClickSearch&excludeEventConfig=ExcludeIfFromFullRecPage&SID=6Ed7LOEQCNVxUfGPZGT&field=TS&value=NONLINEAR-ANALYSIS&uncondQuotes=true
http://apps.webofknowledge.com/OneClickSearch.do?product=UA&search_mode=OneClickSearch&excludeEventConfig=ExcludeIfFromFullRecPage&SID=6Ed7LOEQCNVxUfGPZGT&field=TS&value=INTERVAL+DYNAMICS&uncondQuotes=true
javascript:hide_show('reprint_pref_org_exp_link_1', 'inline');hide_show('show_reprint_pref_org_exp_link_1', 'none');hide_show('hide_reprint_pref_org_exp_link_1', 'inline')
javascript:hide_show('research_pref_org_exp_link_1', 'inline');hide_show('show_research_pref_org_exp_link_1', 'none');hide_show('hide_research_pref_org_exp_link_1', 'inline')
javascript:hide_show('research_pref_org_exp_link_2', 'inline');hide_show('show_research_pref_org_exp_link_2', 'none');hide_show('hide_research_pref_org_exp_link_2', 'inline')
javascript:hide_show('research_pref_org_exp_link_3', 'inline');hide_show('show_research_pref_org_exp_link_3', 'none');hide_show('hide_research_pref_org_exp_link_3', 'inline')
javascript:hide_show('research_pref_org_exp_link_4', 'inline');hide_show('show_research_pref_org_exp_link_4', 'none');hide_show('hide_research_pref_org_exp_link_4', 'inline')
javascript:hide_show('research_pref_org_exp_link_6', 'inline');hide_show('show_research_pref_org_exp_link_6', 'none');hide_show('hide_research_pref_org_exp_link_6', 'inline')
javascript:hide_show('research_pref_org_exp_link_7', 'inline');hide_show('show_research_pref_org_exp_link_7', 'none');hide_show('hide_research_pref_org_exp_link_7', 'inline')
mailto:plamen@buphy.bu.edu
javascript:hide_show('show_fund_blurb', 'inline');hide_show('show_fund_blurb_link', 'none');hide_show('hide_fund_blurb_link', 'inline')
http://apps.webofknowledge.com/full_record.do?doc=97&product=UA&SID=6Ed7LOEQCNVxUfGPZGT&qid=1&search_mode=&recordID=MEDLINE%3a20365691&excludeEventConfig=ExcludeIfFromFullRecPage&fromPID=UA&toPID=MEDLINE&colName=MEDLINE
javascript:;
http://apps.webofknowledge.com/full_record.do?product=UA&search_mode=GeneralSearch&qid=1&SID=6Ed7LOEQCNVxUfGPZGT&excludeEventConfig=ExcludeIfFromFullRecPage&page=2&doc=96
http://apps.webofknowledge.com/full_record.do?product=UA&search_mode=GeneralSearch&qid=1&SID=6Ed7LOEQCNVxUfGPZGT&excludeEventConfig=ExcludeIfFromFullRecPage&page=2&doc=98
http://apps.webofknowledge.com/summary.do?product=UA&parentProduct=UA&search_mode=CitedRefList&parentQid=1&parentDoc=97&qid=107&SID=6Ed7LOEQCNVxUfGPZGT&colName=WOS&page=1
http://apps.webofknowledge.com/CitedFullRecord.do?product=UA&colName=WOS&SID=6Ed7LOEQCNVxUfGPZGT&search_mode=CitedFullRecord&isickref=WOS:000083079500016
http://apps.webofknowledge.com/CitingArticles.do?product=UA&SID=6Ed7LOEQCNVxUfGPZGT&search_mode=CitingArticles&parentProduct=UA&parentQid=107&parentDoc=1&REFID=646610&betterCount=39&excludeEventConfig=ExcludeIfFromNonInterProduct
http://apps.webofknowledge.com/CitedFullRecord.do?product=UA&colName=WOS&SID=6Ed7LOEQCNVxUfGPZGT&search_mode=CitedFullRecord&isickref=WOS:000229948900018
http://apps.webofknowledge.com/CitingArticles.do?product=UA&SID=6Ed7LOEQCNVxUfGPZGT&search_mode=CitingArticles&parentProduct=UA&parentQid=107&parentDoc=2&REFID=56432238&betterCount=55&excludeEventConfig=ExcludeIfFromNonInterProduct


OFFPRINT

Correlated walks down the Babylonian markets

N. E. Romero, Q. D. Y. Ma, L. S. Liebovitch, C. T. Brown

and P. Ch. Ivanov

EPL, 90 (2010) 18004

Please visit the new website
www.epljournal.org



TARGET YOUR RESEARCH

WITH EPL

Sign up to receive the free EPL table of
contents alert.

www.epljournal.org/alerts



April 2010

EPL, 90 (2010) 18004 www.epljournal.org

doi: 10.1209/0295-5075/90/18004

Correlated walks down the Babylonian markets

N. E. Romero1(a), Q. D. Y. Ma2,3(a), L. S. Liebovitch4, C. T. Brown5 and P. Ch. Ivanov2,6,7(b)

1 Physics Department, Florida Atlantic University - Boca Raton, FL 33431, USA
2Harvard Medical School and Division of Sleep Medicine, Brigham and Women’s Hospital - Boston, MA 02115, USA
3 College of Geography and Biological Information, Nanjing University of Posts and Telecommunications

Nanjing 210003, China
4 Center for Complex Systems and Brain Sciences, Florida Atlantic University - Boca Raton, FL 33431, USA
5Anthropology Department, Florida Atlantic University - Boca Raton, FL 33431, USA
6 Center for Polymer Studies and Department of Physics, Boston University - Boston, MA 02215, USA
7Departamento de F́ısica Aplicada II, Universidad de Málaga - 29071 Málaga, Spain, EU

received 27 January 2010; accepted in final form 29 March 2010
published online 5 May 2010

PACS 89.65.Gh – Economics; econophysics, financial markets, business and management
PACS 02.50.-r – Probability theory, stochastic processes, and statistics
PACS 89.65.Ef – Social organizations; anthropology

Abstract – To investigate the evolution of market dynamics in different stages of historical
development, we analyze commodity prices from two distinct periods —ancient Babylon, and
medieval and early modern England. We find that the first-digit distributions of both Babylon
and England commodity prices follow Benford’s law, indicating that the data represent empirical
observations typically arising from a free market. Further, we find that the normalized prices of
both Babylon and England agricultural commodities are characterized by stretched exponential
distributions, and exhibit persistent correlations of a power law type over long periods of up to
several centuries, in contrast to contemporary markets. Our findings suggest that similar market
interactions may underlie the dynamics of ancient agricultural commodity prices, and that these
interactions may remain stable across centuries in two distinct historical periods.

Copyright c© EPLA, 2010

The emergence of markets and market economics is
an active area of research in archeology and economic
anthropology, where a main focus is to understand how
markets developed in early civilizations and what their
characteristics were [1–4]. A plausible hypothesis is that
markets emerge in certain societies as a result of the
exchange of goods, services or information, allowing a
particular distribution of resources. Buyers and sellers, as
primary market participants, exert demand and supply
forces responsible, among others, for driving the price
of any asset. The complex interactions between numer-
ous market agents acting through feedback at different
time scales within various economic conditions and market
regulation lead to highly irregular and complex dynam-
ics of market activity [5–10]. Recent empirical investiga-
tions have demonstrated that key market observables such
as price, trading volume and frequency of trading do not
change in a random manner but rather exhibit surprisingly
robust dynamical patterns over a wide range of time scales

(a)These authors contributed equally to this paper.
(b)E-mail: plamen@buphy.bu.edu

described by scaling laws [11–13]. To understand how
these scaling laws relate to the underlying market regula-
tory mechanisms and interactions among market entities,
most studies have focused on high-frequency recordings
of modern market activity as represented by commodi-
ties, company stocks or currency foreign exchange over
relatively short time periods ranging from months and
years up to several decades [14–16]. However, every market
is embedded in its historical, cultural and technological
context, and market dynamics may evolve with changes
in economic conditions, government politics and market
regulations —e.g., correlations in stock price fluctuations
change significantly when a company is transferred from
one stock market to another [17], while networks of inter-
action of company stocks across the entire economy exhibit
stable behavior over a limited time horizon [18,19]. The
evolution of market dynamics across different histori-
cal periods has not been systematically studied. Here
we investigate several key aspects of the dynamics of
commodity prices in two distinct historical periods corre-
sponding to different economic conditions and develop-
ment of society —ancient Mesopotamia and medieval and
early modern England.

18004-p1
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We study the probability distribution and correlation
properties of commodity prices from Babylon in the
period of 463–72 B.C. and from England in the period of
1209–1914 A.D. These data sets represent an exceptionally
long time window into the market dynamics at two impor-
tant and different periods of civilization. By comparing,
in an statistical framework, key measures of the market
dynamics during these two periods, we can identify impor-
tant similarities or dissimilarities of their respective econ-
omy in relation to empirical observations of contemporary
markets.
Situated in the south region of Iraq, on the Euphrates

River, Babylon was the political and cultural capital of
ancient Mesopotamia. Archaeological excavations started
in 1899 by Robert Koldewey have uncovered astronom-
ical diaries, written in cuneiform on clay tablets, from
the period 652 B.C. to 69 A.D. Since the tablets contain
celestial observations, all information inscribed on them is
dated, including records of the weather, the level of the
Euphrates River, socio-political events and market quota-
tions of six commodities: barley, dates, mustard (cascuta),
cress (cardamom), sesame and wool. The commodity
prices are expressed in weight quantities that could be
purchased per shekel of silver, recorded three times a
month. Babylon had an agriculturally based economy and
its diet was primarily based on barley and dates. Mustard
and cress were used as spices and sesame primarily for its
oil. All six commodities were also used in official rituals
of Babylonian cultic life [20]. Many clay tablets are still
missing or broken. Since they were stored vertically and
the prices were listed last in the monthly reports, i.e., at
the lower edge of each clay tablet, there is a considerable
amount of data lost.
The English commodity annual price records consti-

tute a point of reference in many historical analyses,
because they represent a data set over a significantly long
period. In our study, we use records from 80 agricultural
and other commodities traded in England in the period
1209–1914 [21]. Prices are expressed in grams of silver per
metric physical unit. To compare with Babylon data, we
select six similar agricultural commodities: barley, beans,
oats, peas, pepper and wheat, for which there are prac-
tically continuous annual records throughout the entire
period (with relatively few missing data points mainly in
the first half of the period).
Most archaeologists, epigraphers, and economic histori-

ans have inferred that the Babylonian data represent real
and accurate price quotations [2,4,22]. However, there is
no conclusive evidence and it is possible that the Babylon
tablets record price estimates, price caps, target prices, or
even astrological calculations of what prices ought to be.
Numerical records of empirical observations arising from

natural or social processes often exhibit a particular
probability distribution for the first significant digit of
the form log10(1+ 1/n), where n= 1, . . . , 9 is the first
digit, known as Benford’s law [23,24]. Benford’s law has
been observed in several financial systems like stock

market prices [25], census statistics [26], income tax
payments, and accounting data [27]. However, numerical
processes influenced by human factors such as advertised
prices for consumers, assigned telephone or license plate
numbers, amount of cash withdrawals, or randomly pick-
ing numbers do not follow Benford’s law [26–28]. Benford’s
test has been utilized in identifying fraudulent reports
in taxes [27], transactions of federal campaigns [29],
toxic release reported by industrial plants [30], account-
ing audits [31] and fabricated survey answers [32]. There-
fore, a distribution of the first-digits which does not
follow Benford’s law could indicate the presence of system-
atic omissions, estimations, rounding, falsification or even
fabrication in the recorded data. The first-digit distri-
bution of Babylon commodity prices could thus expose
certain abnormalities, which could lead one to suspect that
these prices are not a record of real empirical observa-
tions typically arising from a free market where supply
and demand forces are present.
Our analysis of the first significant digits of the Babylon

commodity price records indicates a good agreement with
Benford’s law (fig. 1a) with the coefficient of determination
R2 = 0.93. These results are comparable with our analysis
of six similar agricultural commodities from medieval and
early modern England, which also conform to Benford’s
distribution (fig. 1b) (with R2 = 0.94). Extending our
analysis to 80 different English commodities of mixed (not
only agricultural) nature to significantly increase the data
samples, we obtain an almost perfect fit to Benford’s law
(fig. 1c) (with R2 = 0.95). These findings indicate that
Babylonian market quotations exhibit properties shared
by empirical observations of natural process, suggesting
they represent reliable recordings of commodity prices.
Further, since multiplicative process have been associated
with emergence of Benford’s distribution [33] and since
contemporary stock market prices also follow Benford’s
law [25], our results in fig. 1 may indicate that processes
of multiplicative nature underlie the market dynamics in
distinct historical periods and economic conditions.
Next, we study the probability distributions of differ-

ent agricultural commodity prices in Babylon and we
compare them with the prices of similar commodities from
medieval and early modern England. We find that the
price distribution of each Babylonian commodity i is char-
acterized by different average 〈Si(t)〉 and standard devia-
tion σi. However, after normalization of the prices Si(t)
to S̃i(t) = (Si(t)−〈Si(t)〉/σi, where 〈Si(t)〉 is the aver-
age recorded price of that commodity, the distributions of
all Babylonian commodities fall onto a single curve. This
curve is well fit by a stretched exponential function:

P (S̃) =

∫
∞

S̃

p(x)dx ∼ e−(
S̃

τ
)δ , (1)

where p(x) is the probability density, δ = 1.47 is the
stretch exponent and τ = 1.60 is a characteristic constant
(with R2 = 0.97). Interestingly, after the same price-
normalization procedure, all cumulative distributions for
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Fig. 1: First-digit distribution of the price records of
(a) six agricultural commodities from Babylon, (b) six simi-
lar agricultural commodities from England and (c) 80 mixed
commodities from England. All first-digit distributions are well
approximated by Benford’s law.

the six English commodities also fall onto a single curve
following the same stretched exponential form in eq. (1)
with parameters δ= 1.52 and τ = 1.58 (with R2 = 0.96)
very similar to those of the Babylonian prices. We find
the same form for the probability distributions obtained
for the first and the second half of the recorded period
for the England data (see inset in fig. 3b), indicating
time stability. Further, our analysis shows that contem-
porary agricultural commodity prices of wheat, barley,
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Fig. 2: (Colour on-line) Cumulative distributions of (a) agricu-
ltural commodity prices from ancient Babylon and (b) norma-
lized prices of the same commodities as in (a). After
normalization all distributions conform to a single stretched
exponential curve, indicating a common functional form.

sugar, cocoa, coffee, tea (monthly prices for the period
1983–2009 [34]) as well as of gold (original monthly prices
and prices after correction for inflation in the period
1971–2010 [35]) also exhibit a stretched exponential form
for the cumulative distribution of normalized prices.
Our findings of identical functional form for the proba-

bility distribution for the agricultural commodity prices in
ancient Babylon and medieval and early modern England,
with very similar values for the parameters δ and τ , may
suggest unexpected similarities underlying the dynamics
for these two markets representing very different stages
in historic and economic development. Our finding of
stretched exponential distributions in fig. 2 and fig. 3
is in contrast to modern commodity and stock markets
where probability distributions with power law tails have
been reported [36–38], indicating a scale-invariant orga-
nization in commodity prices emerging from possibly
different market organization and interactions of market
participants. We note, that while most studies of contem-
porary markets focus on price returns, i.e., the normalized
forward change of the logarithm of the price at successive
time’s separated by a fixed time interval (e.g., 1 min, 1
hour or 1 day), it is not possible to systematically define
price returns for the Babylon commodities due to a large
fraction of randomly lost data in the records [20,39].
Another key characteristic of market dynamics are

the correlations and scaling behavior embedded in the
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Fig. 3: (Colour on-line) Cumulative distributions of (a) agri-
cultural commodity prices from medieval and early modern
England and (b) normalized prices of the same commodities as
in (a). All normalized distributions are well approximated by
a stretched exponential function with parameter values similar
to those for the Babylonian prices in fig. 2.

fluctuations of prices and other market observables. These
characteristics reflect aspects of the temporal organization
of multiple feedback interactions between many market
agents, important to properly identify and model the
underlying mechanisms of market regulation. To quan-
tify the temporal structure in commodity prices in ancient
Babylon and to compare it with the market dynam-
ics of medieval and early modern England, we apply
the detrended fluctuation analysis (DFA) [40]. Unlike
other traditional methods such as power spectrum, auto-
correlation and R/S analysis which are not well suited
for nonstationary signals, the DFA method can accurately
quantify correlations in the fluctuations of nonstationary
signals generated by systems exhibiting nonequilibrium
dynamics, with multiple degrees of freedom and nonlin-
ear feedback interactions as observed in commodity and
financial markets [6,7,9]. Moreover, recent studies of the
performance of the DFA method have demonstrated that
the method is robust to the presence of gaps and missing
data in correlated signals [41,42].
The Babylon records contain commodity price data

for the beginning, middle and end of each month. Since
some of these records are missing, in our analysis we
consider only monthly averaged and annually averaged
prices. Applying the DFA, we calculate the root-mean-
square fluctuation function F (n) of the integrated and

piece-wise polynomially detrended price time series for
a given time window of size n (where n can be in
units of months or years), and we obtain the functional
dependence of F (n) for varied time scale n. A power
law dependence F (n)∼ nα indicates the presence of scale-
invariant (scaling) behavior, while the scaling exponent
α (a self-similarity parameter) quantifies the long-term
power law correlations in the data. If α= 0.5, the signal
is uncorrelated (white noise); if α< 0.5, the signal is anti-
correlated; if α> 0.5, the signal is positively correlated.
The larger the value of α, the stronger the correlations. In
this study, we use the second-order DFA (DFA-2), which
removes both constant and linear trends in the time series
of commodity prices [43]. The choice of DFA-2 is motivated
by the fact that: i) this order of DFA-l can accurately
quantify the scaling behavior of signals with exponents in
the range 0<α< 3 [44], which covers practically all signals
generated by real world systems; ii) earlier investigations
have demonstrated that DFA-2 is sufficient to accurately
quantify a broad range of nonstationary signals generated
by different nonlinear dynamics —e.g., for commodity and
stock returns [37] and for intertrade times dynamics [45]
the exponent α obtained from higher-order DFA-l is
not significantly different compared to α obtained from
DFA-2; and iii) deviations from scaling which appear
at small scales become more pronounced in higher-order
DFA-l [43].
We find that all six Babylon commodities exhibit power

law correlations characterized by scaling exponent α≈ 0.7
(fig. 4a). Moreover, the scaling exponent remains stable
when changing the time scale from months to years when
considering monthly and annually averaged commodity
prices —α= 0.67± 0.04 (mean ± standard deviation of
all six commodities) for the monthly data and α= 0.69±
0.05 for the annual data (see fig. 4a, filled and open
symbols respectively). For the six agricultural English
commodities (which we have selected to be similar in kind
of the six Babylon commodities), we also find persistent
power law correlation for their annual price fluctuations
characterized by a scaling exponent α= 0.91± 0.05 over
a broad range of few years to almost two hundred years
(fig. 4b). Repeating our scaling analysis for the first
and second half of the time period 1209–1914 A.D.,
we find a consistent positively correlated behavior, with
an exponent α≈ 0.9, for all six English commodities.
Specifically, for the period 1209–1550 we find: barley
α= 0.84; oats α= 0.82; peas α= 0.77; pepper α= 0.93;
wheat α= 0.75. For the period 1551-1914 we find: barley
α= 0.92; beans α= 0.85; oats α= 0.95; peas α= 0.91;
pepper α= 1.16; wheat α= 0.82.
Thus, our findings indicate that both ancient Baby-

lonian and medieval English commodity prices exhibit the
same kind of persistent power law correlations, suggesting
common elements in the market mechanisms driving the
price dynamics. Notably, our observations indicate a very
different temporal organization of Babylon and medieval
England price fluctuations compared to price fluctuations
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Fig. 4: (Colour on-line) Scaling analysis of (a) six agricultural
commodity prices from ancient Babylon and (b) six similar
agricultural commodity prices from medieval and early modern
England. Open symbols in (a) represent annually averaged
data and closed symbols represent monthly averaged data.
Both Babylon and England data exhibit scaling behavior
characterized by DFA scaling exponent α> 0.5 indicating
strong positive correlations.

of commodities traded on contemporary markets, where
normalized price returns were found to be uncorrelated
with α≈ 0.5 for both spot and future commodity prices
in contrast to the absolute price returns (volatility)
where persistent long-range power law correlations were
observed [37]. Indeed, our correlation analysis shows that
contemporary agricultural commodity prices exhibit close
to random walk behavior with α≈ 1.5 corresponding to
uncorrelated white noise behavior (α≈ 0.5) for the price
returns. Specifically, for the monthly prices in the period
1983–2009 [34] we find: wheat α= 1.38; barley α= 1.37;
sugar α= 1.54; cocoa α= 1.44; coffee α= 1.50; tea
α= 1.54. Further, for gold monthly prices in US dollars
in the period 1971–2010 [35], we find α= 1.45 for the
original prices, and α= 1.54 after correction for inflation.
Our findings of strong persistent long-term correlations
for the Babylon and England commodity prices (fig. 4)
do not confirm earlier reports of random walk behavior
for the commodities of these old markets [3].
We note, that due to significant gaps of missing data

in the available Babylon commodity price records, it is
not possible to perform a consistent correlation analysis
for the price returns and absolute price returns. Because
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Effect of extreme data loss on DFA

Fig. 5: (Colour on-line) Modeling the effect of extreme data
loss on the scaling properties of correlated signals. Results from
DFA-2 analysis for i) signals of length N = 4000 with different
scaling exponents α and 95% of data loss where the average
length of missing segments µ= 30 data points (filled circles)
and ii) signals of length N = 400 with different α and 70% of
data loss where the average length of missing segments (gaps)
is µ= 4 data points (open circles). The missing segments in
the simulations are drawn from an exponential distribution as
observed in the Babylon data. Solid and dash lines indicate
DFA-2 scaling before segments are removed, serving as a
base line, and symbols indicate mean values of 100 different
realizations with error bars showing the standard deviations.
The simulations indicate that signals with long-term persistent
correlations are not affected by a significant loss of data. The
parameters in the simulations are chosen to represent the
monthly (filled circles) and annually (open circles) averaged
prices in the Babylon records.

the missing data in the Babylon records constitute up to
70% of all annual prices and up to 95% of all monthly
prices for the entire period for some of the commodities,
we model the effect of extreme data loss on the scaling
properties of correlated signals. We first determine the
probability density function of the length of the missing
gaps using the multihistogram method [46], and we find
that the length of the gaps in both monthly and annually
averaged data follows an exponential distribution, with
mean µ≈ 30 months and µ≈ 4 years respectively. Consid-
ering the nature of the time series of the different Baby-
lon commodity prices, we generate correlated signals with
α> 0.5, and we randomly remove a given percentage of
the total data by cutting out segments drawn from an
exponential distribution. To simulate the Babylon annual
(average) prices, we generate correlated signals of length
N = 400 data points, with DFA exponent α= 0.7, and 70%
missing data by randomly removing data segments with
length drawn from an exponential distribution with mean
µ= 4. To simulate the monthly (average) prices of Baby-
lon commodities, we generate correlated signals of length
N = 4000 data points, with α= 0.7 and 95% of missing
data by randomly removing data segments from an expo-
nential distribution with mean µ= 30. Our simulations
shown in fig. 5 demonstrate that even extreme loss of
data does not significantly affect the scaling properties

18004-p5



N. E. Romero et al.

of positively correlated signals (for details on the effect of
extreme data loss see [42]). These simulations validate
our findings of long-term persistent correlations in both
Babylon and England commodity prices.
In summary, our findings of stretched exponential form

for the probability distributions and long-term persistent
correlations of a power law type for the commodity prices
in both ancient Babylon and medieval and early modern
England, indicate strong similarity in the dynamics of
these markets despite distinct differences in historical
and economic conditions and development of society,
wars and governmental disruptions in these two historical
periods. Since these key statistical properties do not
significantly change when we consider separate segments of
the recordings, such consistency may suggest that the price
dynamics of agricultural arable commodities are mainly
driven by natural growth, weather conditions, population
distribution and growth leading to similar supply and
demand market forces and interactions which remain
relatively stable across centuries in these two historical
periods.
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IN PHYSIOLOGY, LONG-RANGE POWER-LAW CORRE-
LATIONS HAVE BEEN STUDIED FOR MANY YEARS, 
E.G., IN HEARTBEAT DYNAMICS,1,2 RESPIRATION 
dynamics,3-5 brain waves,6-8 and gait time series.9-11 Such corre-
lations characterize a persistent variation of the given signal on 
many time scales. For example, the probability of persistently 
larger (or smaller) values over extended periods of time is char-
acteristically increased. Long beat-to-beat or breath-to-breath 
time intervals are more likely to be followed by longer intervals 
than by shorter ones, and vice versa.

This correlation structure of the data can be classified by 
fractal or multifractal scaling analysis.12-15 Calculated scaling 
exponents are affected by pathologic conditions, sympathova-
gal balance, cardiopulmonary regulation, and circadian rhythm, 
paving the way towards an identification and discrimination of 
physiologic states, such as exercise versus rest,16,17 wake versus 
sleep,18 across circadian phases19 or different sleep stages,13,20,21 
and for the development of diagnostic markers for diseases or 
physiologic risks, such as cardiac risk.22 In particular, short-term 

scaling exponents were shown to be more powerful predictors 
of mortality than standard measures of heart-rate variability.23

Another parameter characterizing short-term variations of 
heartbeat intervals is the recently introduced deceleration ca-
pacity (DC) index. It is calculated by applying the phase recti-
fied signal averaging (PRSA) technique24 to heartbeat interval 
time series, and describes how quickly the heart rate deceler-
ates. DC has been shown to be a powerful risk predictor of mor-
tality in patients surviving an initial myocardial infarction,25 as 
it is characteristically diminished in high-risk patients. 

There have been very few studies of aging effects on these 
characteristic measures,26,3,27,28 and there is a recent study com-
paring a group of young with a group of elderly subjects during 
different sleep stages.29 However, no study has systematically 
examined how these scaling measures change across a wide 
range of age groups during different sleep stages. Heart rate 
variability, and in particular parasympathetic autonomic regula-
tion, significantly decrease with aging30-32 and with pathology. 
In addition, the deteriorating impact of aging on sleep quality, 
sleep quantity, sleep efficiency, and sleep structure is generally 
accepted. For reviews on sleep-related consequences of normal 
aging see Bliwise33 and Espiritu34 and references therein. Aging 
manifests itself in many ways, including a declined ability to 
initiate and maintain sleep, shorter total time of sleep, and de-
creased deep sleep (slow wave sleep) and REM sleep. It is ac-
companied by increased light sleep (stages 1 and 2), as well as a 
larger number and frequency of arousals, and an elevated wake 
duration after sleep onset.35-37 Sleep disorders and diseases have 
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been identified with an increased cardiovascular probability 
of morbidity and mortality in the elderly. It has been reported 
that nocturnal changes in respiratory function occur with age 
and lead to sleep apnea, hypopnea, and respiratory arousals. 
Besides, age-related changes in the thalamocortical regulatory 
mechanisms36 and the neuroendocrine system38 have been re-
ported and associated with the deterioration of health and qual-
ity of sleep. Interestingly, at the age of 50 years cortisol levels 
suddenly rise, accompanied by a worsening of sleep fragmen-
tation and a decline in REM sleep.39 Here, we systematically 
study the effect of aging and sleep stages upon cardiovascular 
oscillations and correlations, as well as respiratory correlations 
in a large cohort and for a wide range of ages. 

METHODS

Subjects and Protocol
This paper studied the data of 180 healthy subjects (85 males 

and 95 females) at ages from 20 to 89 years. Within the SIES-
TA project37,40 196 healthy subjects (94 males and 102 females) 
underwent full-night polysomnography and were monitored 
for 2 subsequent nights, resulting in a total of 392 polysom-
nographic recordings. All subjects gave informed consent, and 
the study was approved by the local ethics committees of all 
sleep laboratories involved. General exclusion criteria were a 
history of drug abuse or habitation (including alcohol), psycho-
active medication or other drugs, e.g., β-blockers, or night-shift 
work. All subjects reported no symptoms of neurological, men-
tal, medical, or cardiovascular disorders. Additional exclusion 
criteria for healthy subjects comprised: (1) significant medical 
disorders, (2) a Mini Mental State Examination (MMSE) score 
< 25,41 (3) a Pittsburgh Sleep Quality Index (PSQI) global score 
> 5,42 (4) a usual bedtime before 22:00 or after 00:00, (5) a Self-
rating Anxiety Scale (SAS) raw score ≥ 33,43 and (6) a Self-rat-
ing Depression Scale (SDS) raw score ≥ 35.44 During the study 
the consumption of coffee, alcohol, and cigarettes was limited 
to each subject’s habitual rate. 

We excluded one 95-year-old female (the only subject above 
90 years of age) and one 69-year-old male whose ECG exhibits 
clear signs of pacemaker interventions. We also removed 37 
single-night recordings due to an apnea-hypopnea-index (AHI) 
≥ 10 per hour and another 5 recordings due to missing or dam-
aged sleep stage annotations. Altogether, this left us with 346 
full-night polysomnographic recordings from 180 disease-free 
subjects (161 from males and 187 from females). Note that only 
one night was used for some subjects. The typical duration of 
the recordings was 7 to 8 hours. Therefore we analyzed approx-
imately 2,500 hours of heartbeat data and the same for respira-
tion. The data sets were binned in 7 age groups (Figure 1). For 
some of the calculations males and females were separated.

Measurements
Full-night polysomnographic data was obtained within the 

EU project SIESTA at 7 sleep laboratories located in 5 Europe-
an countries.37,40 Each recording consisted of an electroenceph-
alogram (EEG) using at least 6 leads, a 2-lead electrooculogram 
(EOG), a 2-lead electromyogram (EMG, chin and leg), orona-
sal airflow, respiratory body movements (belts around chest 
and abdomen), snoring (microphone), oxygen saturation, and 

a single-channel electrocardiogram (ECG, modified V1 lead 
as typical for polysomnographic recordings). Sleep stages 
were identified according to the sleep scoring system of Re-
chtschaffen and Kales45 by 3 trained technicians (2 independent 
scorers and 1 adjudicator) familiar with polysomnographic data. 
In this study we concentrate on ECG and oronasal airflow data. 
ECG was sampled at 100 Hz, 200 Hz, or 256 Hz; while airflow 
was sampled at 16 Hz, 20 Hz, 100 Hz, or 200 Hz, depending 
on the laboratory and the equipment. The detailed experimental 
setup has been reported elsewhere.40

Data Preparation
In order to study correlations and oscillations within respira-

tory data and heartbeat data for different sleep stages, as well 
as night-time wake, we split all recordings into segments cor-
responding to wake, light sleep (stage 1), light sleep (stage 2), 
deep sleep (stages 3 and 4 joined),46 and REM sleep. Since sleep 
stage determination during transitions is sometimes complicat-
ed and possibly unreliable, we removed the first and last 30 s 
from each segment. We omitted the results of light sleep stage 
1 in this paper because of insufficient statistics (see Figure 1).

Heartbeat time positions (R-peaks) were extracted from the 
ECG data using the semi-automatic peak detector Raschlab 
developed by the cardiology group of Klinikum Rechts der 
Isar, Munich Germany.47 A beat classification (normal beat, 
ventricular beat, artifact) was assigned to each R-peak by the 
detector. Then we calculated the series of RR time intervals be-
tween each pair of consecutive heartbeats. An RR interval was 
excluded from our calculations if (1) the beat at the beginning 
or at the end of the interval was not normal, (2) the calculated 
interval was shorter than 330 ms or longer than 2000 ms, or 
(3) the interval was more than 30% shorter or more than 60% 
longer than the preceding interval. The purpose of the last filter 
was to eliminate extrasystoles and ectopic beats unnoticed by 
the peak detector. We discarded all sleep stage segments that 
contained less than 100 normal intervals or had more than 5% 
of the intervals excluded.

Recorded oronasal airflow data were processed by determin-
ing the times and values of the signals’ maxima and minima, 
representing expiration and inspiration, respectively. Since 
noise in the data mainly consists of spikes (outliers), a simple 
threshold filter is sufficient. All data points exceeding a thresh-
old of 95% of the maximum value or dropping below 95% of 
the (negative) minimum value within a moving time window 
are set to the corresponding threshold values. Data was resam-
pled at 4 Hz before identifying maximum and minimum values. 
As well, we employed a classification scheme assigning to each 
event a measure of reliability depending on (1) the length of 
the identified breathing cycle, (2) the difference between cutoff 
threshold and extremal point, and (3) a comparison with aver-
ages over 3 preceding and 3 following breathing cycles.

All methods were applied separately for each subject and 
each night, taking into account all reliable segments for the 
same sleep stage. Preceding detrended fluctuation analysis 
(DFA, see below) all excluded intervals were cut and the gaps 
were joined. This procedure has been shown to not affect the 
DFA results, even if as much as 50% of the data is removed.48 
For phase-rectified signal averaging (PRSA, see below), the ex-
cluded data points were skipped in the averaging step because 
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a removal of data points 
could disturb the timing.

Detrended Fluctuation 
Analysis (DFA)

DFA, first introduced 
by Peng et al. for study-
ing DNA sequences, has 
been intensely applied 
to studies of correlations 
in noisy, non-stationary 
time series.49 Bunde et 
al. improved the method 
describing higher-order 
detrending.13 It has been 
validated on surrogate 
(control) time series with 
additional correlations 
and trends.50,51,48

The method quantifies 
fluctuations on different 
time scales, s, i.e., differ-
ent numbers of heartbeat 
or respiratory intervals. 
For each s the integrated 
(cumulated) signal, of 
length N, is split into non-
overlapping pieces (seg-
ments) of length s. For 
each segment an n-th or-
der polynomial fit is sub-
tracted, and the remaining 
mean-square fluctuations 
are averaged. Repeating 
the procedure for many 
scales s yields the square 
of the fluctuation func-
tion, which scales according to a power-law with exponent α, 
F2

DFAn ~ s2α. The exponents, α, can easily be extracted by linear 
fits of log(FDFAn(s)) versus log(s). Uncorrelated fluctuations lead 
to α = 1/2, while α > 1/2 indicates positive temporal correla-
tions, and α < 1/2 anti-correlations.

Fluctuation functions obtained from heartbeat data usually 
exhibit a crossover between 2 scaling regimes. Thus, we de-
fine 2 slopes, αRR,1 for small scales (6 ≤ s ≤ 16 heartbeats) and 
αRR,2 for larger scales (50 ≤ s ≤ 200 heartbeats). Since there is 
no clear crossover, respiration can be characterized by just one 
fluctuation exponent αRES. Under the assumption of an average 
breath cycle spanning 4 heartbeats52 we have defined an associ-
ated fitting range of 12 ≤ s ≤ 50 breaths to allow comparison 
with αRR,2.

Short-term correlations quantified by αRR,1 are related to the 
HF-band as can be derived in a simple approximation (see foot-
note following acknowledgments). Scaling exponents αRR,2 and 
αRES, on the other hand, describe long-range correlations asso-
ciated with the VLF band. Thus they reflect cerebral dynam-
ics rather than autonomic control. Hence, DFA results for large 
scales elucidate additional features of cardiopulmonary control 
and coupling.

Phase-Rectified Signal Averaging (PRSA) Method
PRSA is a powerful tool for extracting and displaying quasi-

periodic oscillations in noisy, non-stationary signals.24 It allows 
for the identification of complex control leading to nearly peri-
odic oscillations despite phase resetting and noise. Focusing on 
particular time scales, it is complementary to the DFA procedure, 
which analyzes the scaling behavior by comparing variations on 
different time scales and characterizing the underlying noise. In 
addition, PRSA can be employed to study causal relationships 
between events, such as deceleration or acceleration of heartbeat.

The algorithm is rather simple. In the first step, anchor points 
are selected in the time series. In the standard form of the al-
gorithm, anchors are defined for moderate increases in heart 
beat intervals, i.e., when the current heartbeat interval is longer 
than the preceding one, x(t) > x(t − 1). Here, we neglect very 
large changes (> 10%) in consecutive heartbeat intervals, which 
are most likely associated with artifacts in the data. We note 
that in the original version of the PRSA method25 the limit for 
large changes was set to > 5% because this earlier study was 
designed to analyze data from post-infarction patients. Since 
healthy subjects have a large heart rate variability, we found 
that increases in consecutive heartbeat intervals between 5% 

Figure 1—(a) Age and gender characteristics of the considered study cohort of disease-free humans (males blue, females 
orange). The total numbers of data sets (nights) are shown for each age group. (b) Proportion of sleep stages on total time 
in bed for all subjects sorted by age (from left to right). The colors indicate the states, from bottom to top: wake state - dark 
blue, light sleep stage 1 - yellow, light sleep stage 2 - green, deep sleep stages 3 and 4 - red, and REM sleep - light blue. 
(c) Sleep stage distribution averaged over 10 years for all subjects (large bars in the center), and separately for females 
(left) and males (right); colors and order as in (b).
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ertheless, when considering group averages, total wake and to-
tal light sleep percentage obviously increase with age, while 
percentages of deep sleep and REM sleep decrease as shown 
in Figure 1c. Young females seem to have less wake and light 
sleep S1, but more REM sleep, when compared with males. For 
elderly (> 60 years) the behavior appears to be the opposite. 
While young males and females exhibit almost the same per-
centage of deep sleep, it decreases much more rapidly in males 
upon disease-free aging.

Correlation Properties of Heartbeat Intervals
Figure 2 shows the heartbeat fluctuation functions, FDFA2 (s), 

of 3 representative subjects from different age groups: (1) 
young (20-39 years, lowest curves in each panel), (2) interme-
diate age (40-69 years, center), and (3) elderly (70-89 years, 
top) in a double logarithmic plot. The fitting regimes for αRR,1 
(characterizing short-term correlations) and αRR,2 (character-
izing long-term correlations) are indicated by gray bars. The 
slopes of the straight solid lines are identical with the fitted val-
ues of αRR,1 and αRR,2.

There are two important observations. First, one clearly sees 
the presence of long-range correlations (αRR,2 ≈ 1 >> 1/2) dur-
ing wakefulness and REM sleep, while long-term correlations 
are weak or absent during light sleep and deep sleep (αRR,2 ≈ 
1/2). This finding is consistent with earlier results.13,21 Secondly, 
age differences in the scaling behavior are apparent, especially 
when comparing αRR,2 for young and elderly subjects during 
wakefulness and REM sleep, and when comparing αRR,1 for 
young and intermediately aged, as well as intermediately aged 
and elderly during all sleep stages.

To study these age dependences systematically we calculated 
DFA2 fluctuation functions for all data sets and fitted αRR,1 and 
αRR,2 in the scaling regimes shaded in Figure 2. To monitor the 
quality of the fits, we also calculated the coefficient of determi-
nation r2 and disregarded fits with r2 < 0.98, since the fluctua-
tion functions are not sufficiently close to a power-law in these 
cases. Note that “healthy” subjects with unrecognized sleep ap-
nea often exhibit deviations from the power scaling law, as the 
duration of the apneas is a characteristic time scale. This leads 
to a crossover in the DFA scaling function at this time scale.28 
Most data for such subjects are automatically disregarded by 
our r2 < 0.98 criterion.

Figure 3 shows our main findings. Mean values and standard 
error of the means for αRR,1, αRR,2, and αRES were calculated from 
the data of all subjects separated into 7 age groups spanning 
time periods of 10 years each. Results for men and women are 
shown separately. We have also compared the results for first 
and second nights (not shown) and found no systematic differ-
ences.

The corresponding distributions of individual scaling expo-
nents for all data sets are shown in Figure 4, combining all age 
groups. The dark gray histograms are associated with the data 
included in Figure 3, while the additional light gray histogram 
bars include the results of non-reliable fits. One can see that the 
distributions are very close to Gaussian so that a Student t-test 
can be applied for checking the significance of differences.

Table 1 reports the numerical means and standard deviations 
(instead of standard errors of the means, as in Figure 3) for the 3 
α parameters and the 4 states in young, intermediately aged, and 

and 10% are rather common and normal. Thus, in this study 
we used a > 10% cutoff. In addition, we carefully removed all 
ventricular beats prior to the PRSA analysis.

The anchors are related to deceleration events, and thus, 
parasympathetic activation. Surroundings of length 2L are then 
defined around each anchor point, including the data from L 
previous points and L − 1 future points. Finally, all windows 
are aligned at the anchor positions and the PRSA curve xPRSA( j) 
is obtained by calculating the arithmetic average over all win-
dows separately for each point j, j = − L,…,0,…, L −1. 

Taking 4 points from the center of the PRSA curve, which is 
equivalent to choosing L = 2, is sufficient to define the param-
eter deceleration capacity 

DC = (1/4)[xPRSA(0) + xPRSA(1) – xPRSA(–1) – xPRSA(–2)]  

DC has been shown to be a superior predictor of mortality in 
post-infarction patients, compared with the current gold stan-
dard, left ventricular ejection fraction (LVEF).25

Artifacts or outliers in the data can easily be handled by dis-
regarding them in the selection of anchor points and in the av-
eraging procedure. Note that a different number of data points 
might contribute to the PRSA averages at different locations.

Data Analysis and Statistics
For each data recording, and for each sleep stage, we calcu-

lated the values of αRR,1, αRR,2, αRES, and DC, taking into account 
all reliable segments. In addition, we determined, for each α, 
the sum of squared residuals χ2 for the linear fit in the double 
logarithmic plots, as well as the sum of squared deviations from 
the mean (SOS = Σ(log FDFA2 (s) – log FDFA2 (s))2). The coeffi-
cient of determination, r2 = 1 − χ2 / SOS, indicates the reliability 
of the fits; r2 = 1 for a perfect fit and r2 << 1 for significant 
deviations from a power-law behavior in the corresponding fit-
ting regime. The α values were considered to be reliable if (1) 
FDFA2(s) could be calculated for the whole regime and (2) r2 ≥ 
0.98. For deceleration capacity (DC) we only considered values 
in the range 0 ≤ DC ≤ 40 ms to be reliable. Within each age 
group we obtained statistical properties (mean, standard error, 
median, quartiles Q25 and Q75) based on reliable α and DC 
values only. However, we also present the distributions of the α 
values for unreliable fits for comparison.

RESULTS

Distribution of Sleep Stages
Figure 1a reports the study cohort with age and gender dis-

tribution. Figure 1b shows the share of the total time in bed 
for all states, separately for each record; and it is horizontally 
ordered by increasing age of the subjects. Each individual’s age 
is indicated by the black curve, referring to the right axis. For 
Figure 1c, these data have been binned in age groups amounting 
to 10 years each. Separate results for males and females are also 
shown. Since effects of aging upon quantitative sleep param-
eters based on the SIESTA database (but without considering 
gender differences) were studied and reported earlier,37 we will 
not discuss this in detail here.

However, in Figure 1b, it can be seen that inter-individual 
sleep notedly fluctuates, even within the same age class. Nev-
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Figure 2—Examples of DFA2 heartbeat fluctuation functions for different sleep stages and representative subjects from three age groups, from bottom to 
top: young - dark gray diamonds, intermediate age - light gray circles, and elderly - gray triangles up. Gray shaded bars indicate the fitting regimes for αRR,1 
(6 ≤ s ≤ 16 heartbeats) and αRR,2 (50 ≤ s ≤ 200 heartbeats). The slopes of the solid black lines are identical with these fitted exponents. For comparison 
gray dash-dotted lines indicate slopes of α = 1/2 (uncorrelated behavior) and α = 1 (1 / f noise). Fluctuation functions and fits are vertically shifted for clarity.

Figure 3—Age dependence of (a-d) heartbeat short-term fluctuation exponents αRR,1, (e-h) heartbeat, and (i-l) respiration long-term fluctuation exponents 
αRR,2 and αRES for wakefulness, light sleep S2, deep sleep S3 and S4, and REM sleep. The mean values for all subjects (black diamonds), men (dark gray 
open triangles up), and women (light gray open triangles down) are shown with error bars representing the standard errors of the means. Black solid lines 
indicate linear fits to the means based on all age groups, except for αRR,1, where 2 separate fit regimes (20-59 and 50-89 years) were chosen and for deep 
sleep, where insufficient statistics in elderly did not allow fitting. Note that α values with r2 < 0.98 or incomplete fitting regimes were disregarded. The dotted 
lines mark α = 1/2 (uncorrelated behavior) and α = 1 (1 / f noise).
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reliability. However, in the intermediate age group of 40-69 
years, the values for females are lower than those for males, at 
a P < 0.03 significance level during wakefulness, deep sleep, 
and REM sleep (see Table 1). These differences might be an 
indication of an earlier decay in αRR,1 for females.

Besides the most interesting age dependence, our analysis 
showed significant differences in αRR,1 values across sleep stag-
es for all age groups (except the 80-89 year group, where the 
statistics are not sufficient). These differences are comparable 
to the age difference within each sleep stage. Specifically, for 
the 20-29 year group, we find a significant difference between 
sleep stages, with the lowest αRR,1 values during deep sleep, 
higher values during light sleep and highest values during REM 
and wake (Figures 3a-d, P < 0.01 for deep sleep versus light 
sleep and light sleep versus wake, and P < 0.001 for deep sleep 
versus REM sleep). For the 50- to 59-year-old group, where the 
maximum in αRR,1 occurs, our results show a similar pattern of 
lowest values during deep sleep and higher values during light 
sleep, REM sleep, and wake (Figures 3a-d), with P < 0.01 for 
deep sleep versus light sleep; P < 0.001 for deep sleep versus 
REM sleep; and no significant differences between wake, REM 
sleep, and light sleep. Comparing the 20-29 year-old group with 
the 50-59 year-old group, we find statistically significant age 
related differences within each sleep stage (deep sleep P < 0.01, 
light sleep P < 0.001, REM sleep P < 0.001) but not wake 
(P > 0.05). These age differences are statistically similar to the 
differences across sleep stages for each of the 2 groups. These 
observations indicate that the effect of sleep regulation on αRR,1 
in heartbeat intervals is comparable to the effect of aging.

For larger time scales αRR,2 ≈ 0.9 > > 1/2 indicates that there 
are long-term correlations in both, wake and REM sleep that 
are almost absent in NREM sleep (light sleep and deep sleep, 
αRR,2 ≈ 0.6). This confirms the scaling behavior observed previ-
ously in a much smaller cohort of young subjects,13,21 as well 
as in a group of elderly subjects,29 suggesting a common de-
pendence of αRR,2 on sleep stages for all age groups. Note that 
data from the 2 oldest groups must be disregarded during deep 
sleep because of insufficient statistics (also indicated by large 
error bars).

Looking at the age dependence of αRR,2, we observe signifi-
cant changes during REM and wake (see Figures 3e, h). During 
REM sleep, αRR,2 increases from αRR,1 = 0.86 for young adults 
(aged 20-29) up to values αRR,2 = 1.05 in the very elderly (aged 
80-89). This increase is statistically significant for the young 
and middle age groups, while we find no significant difference 
when comparing intermediate age and elderly subjects (see 
Figure 3h and Table 1). For wakefulness αRR,2 decreases from 
αRR,2 = 1.06 to αRR,2 = 0.83 in the course of normal disease-free 
aging. This decrease is statistically significant both when com-
paring intermediate age and the elderly as well as young and 
elderly subjects, while we found no significant difference when 
comparing the young and the intermediate age groups (see Fig-
ure 3e and Table 1). During light sleep and deep sleep, no sig-
nificant age dependence is observed in αRR,2 (see Figures 3f and 
g and Table 1).

Correlation Properties of Respiration
Regarding respiration we present results for inter-breath in-

tervals obtained from maxima in the oronasal-airflow signal. 

elderly subjects. The significance of the differences between 
these 3 age groups is indicated in the table by different symbols 
that were defined according to different P-values obtained from 
a t-test.

A very interesting age dependence is observed in heartbeat 
correlations on short time scales, i.e., in the exponent αRR,1. We 
find a systematic and significant increase, in the age range from 
20 to 59 years, for each sleep stage, but not during wake (where 
our analysis shows no significant difference between the 20-29 
year and the 50-59 year group, t-test: P > 0.05). This increase 
is almost independent of gender (Figures 3a-d and Table 1). 
Above 60 years of age, a systematic and significant decrease in 
αRR,1 occurs with further aging, except during deep sleep, where 
statistics are insufficient in the elderly groups. Note that the to-
tal time spent in deep sleep is reduced in elderly subjects (Fig-
ure 1), and is usually accompanied by an increased occurrence 
of ectopic beats. In our analysis this results in the rejection of 
whole segments of data during deep sleep when dealing with 
elderly subjects (thus, the average αRR,1 value for the 80-89 year 
old group during deep sleep as shown in Figure 3c is based on 
only 8 αRR,1 values from 6 subjects). The general picture of a 
maximum in αRR,1 in the age regime of 50-60 years is, never-
theless, independent of the considered sleep stage (or wake). 
This is the same for both, males and females, indicating a high 

Table 1

Measure αRR,1 αRR,2 αRES

Wake
Young 1.12 ± 0.25† 1.02 ± 0.15†○ 0.69 ± 0.16*
Middle 1.13 ± 0.33○ 0.98 ± 0.15 0.66 ± 0.12
Elderly 0.87 ± 0.35† 0.89 ± 0.14‡ 0.62 ± 0.10

Light sleep S2
Young 0.96 ± 0.26 0.65 ± 0.11 0.54 ± 0.07
Middle 1.12 ± 0.29† 0.62 ± 0.13 0.53 ± 0.08
Elderly 0.95 ± 0.35‡ 0.60 ± 0.14 0.54 ± 0.10

Deep sleep S3 and S4
Young 0.80 ± 0.29 0.59 ± 0.13 0.49 ± 0.09
Middle 0.93 ± 0.29‡○ 0.60 ± 0.15 0.49 ± 0.11○
Elderly 0.84 ± 0.35 0.60 ± 0.15 0.52 ± 0.07

REM sleep
Young 1.11 ± 0.28 0.88 ± 0.13† 0.75 ± 0.11*
Middle 1.23 ± 0.33‡○ 0.95 ± 0.15† 0.74 ± 0.12○
Elderly 1.00 ± 0.36† 1.00 ± 0.13 0.69 ± 0.12

Mean values and standard deviations for fluctuation exponents α during 
wakefulness, light sleep stage S2, deep sleep S3 and S4, and REM sleep 
distinguishing 3 cohort subsets: young (age 20-39), intermediately aged 
(age 40-69), and elderly (age 70-89). The null-hypothesis that values 
for a pair of cohort subsets are drawn from distributions with identical 
mean was checked by a 2-sided heteroscedastic Student t-test. Three 
significance levels are indicated by symbols, P < 0.001 (†), P < 0.01 (‡), 
and P < 0.03 (*). The symbols (†, ‡, *) in the line for young subjects 
refer to the test comparing young and elderly, the symbols in the line for 
intermediately (middle) aged subjects to comparing them with young, and 
the test in the line for elderly refers to comparing elderly with middle aged. 
Additionally, the symbol ○ indicates significant differences (P < 0.03) 
between males and females in the same age group.
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jects during REM sleep, the scaling exponent αRES of respiratory 
dynamics also decreases when compared with nonsmokers (P < 
0.03). The number of smokers among the elderly (n = 4) was 
insufficient to assure meaningful statistics. We did not find ef-
fects of smoking upon the scaling exponent αRR,2, characterizing 
the long-term heartbeat correlations. The observed differences 
related to smoking are smaller when compared with the age-
dependent and sleep-stage dependent differences presented in 
Figure 3 and Table 1.

Regular alcohol intake in a certain period of their life prior 
to the recordings was reported by 31 subjects (out of 180 sub-
jects; no information is available on 2 subjects). Combining all 
age groups, we find that the short-term scaling exponent αRR,1 
of heartbeat dynamics is significantly larger for the subjects 
with regular alcohol intake across all sleep stages – with 19% 
increase during wake (P < 0.001) when compared with sub-
jects without a history of regular alcohol intake; 12% increase 
during REM sleep (P < 0.01), 13% increase during NREM 
sleep (P < 0.01). For the respiration scaling exponent αRES, we 
found a 5% increase for the alcohol group during NREM sleep 
(P < 0.01). We observed no significant changes in the long-term 
scaling exponent αRR,2 of heartbeat dynamics. By considering 
separate age groups, we found a significant increase in αRR,1 dur-
ing REM and in αRES during NREM sleep (both with P < 0.03) 
for the group of younger subjects (age: 20-39 years) who had 
regular alcohol intake. For the group of intermediately aged 
subjects (age: 40-69 years) who had episodes of regular alcohol 
intake, we found a significant increase in the short-term scal-

We have also checked other respiration 
proxies (inter-breath intervals from belt 
recordings and based on signal maxima 
or minima), but found the differences too 
small to warrant a separate reporting in 
this paper. Neglecting age dependence, 
one finds similar scaling behavior as for 
heartbeat, i.e., αRES > 1/2 for wake states 
and REM sleep, as well as αRES ≈ 1/2 for 
deep sleep (Figures 3i-l and Table 1). This 
is consistent with earlier observations in 
a much smaller cohort.4 Furthermore, it 
seems that weak long-term correlations 
are present in respiration during light sleep 
and absent during deep sleep (see also the 
histograms in Figure 4). The overall cor-
relations are much weaker than those ob-
served for heartbeat data. Given that the 
histograms are almost identical for males 
and females (not shown), during all stud-
ied sleep stages and wakefulness, we con-
clude there are hardly any gender effects. 
Although we note that intermediately aged 
females have (weakly significant) smaller 
and larger averages during deep sleep and 
REM sleep, respectively (Figures 3k-l).

Looking at the age dependence, one 
recognizes an opposite aging effect during 
REM sleep when compared with heart-
beat: αRES decreases with age while αRR,2 
increases (Figures 3h, 3l). For wakeful-
ness, both exponents αRES and αRR,2 decrease (Figures 3e, 3i). 
Note, however, that the observed age dependences in αRES dur-
ing wake and REM are weakly significant (see Table 1). No 
significant age dependencies in respiratory correlations are ob-
served during NREM sleep.

Influence of Tobacco and Alcohol on Cardiac and Respiratory 
Dynamics

To asses the influence of smoking on the correlation proper-
ties of cardiac and respiratory dynamics across different sleep 
stages and how they change with aging, we separately analyzed 
and compared smokers and nonsmokers. In the SIESTA da-
tabase, 39 of the healthy subjects were identified as smokers 
and 136 as nonsmokers. There is no information available for 5 
subjects in the database. For the subjects that were identified as 
smokers there is no information recorded in the database on the 
number of cigarettes per day or on the period (years) over which 
subjects have been actively smoking prior to the SIESTA study. 
We have tested whether any of the scaling exponents (αRR,1, 
αRR,2, αRES), characterizing cardiac and respiratory dynamics for 
smokers, are significantly different from the values observed 
for non-smokers. By differentiating 3 age groups (age: 20-39 
years, 40-69 years, and 70-89 years) and 4 sleep stages (wake, 
light sleep, deep sleep, and REM sleep), we found significant 
changes with smoking in 2 cases: (1) in young subjects during 
wake, the scaling exponent αRR,1, characterizing short-term cor-
relations in heartbeat fluctuations, decreases when compared 
with nonsmokers (P < 0.01); and (2) in intermediately aged sub-

Figure 4—Histograms of (a-d) αRR,1, (e-h) αRR,2, and (i-l) αRES in wake state, light sleep S2, deep 
sleep S3 and S4, and REM sleep. Light gray histograms show the distributions for all 348 data sets 
considered in this study, while the α values from fits with r2 < 0.98 or incomplete fitting regimes 
were excluded for the dark gray histograms. Dotted lines indicate random uncorrelated behavior α 
= 1/2 and strongly correlated behavior α = 1. Note that the bins were chosen twice as wide for (a-d) 
compared with (e-l).
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When exploring individual DC 
values we recognized for most sub-
jects, lower values during REM 
sleep and deep sleep than during 
light sleep and wakefulness. To test 
this observation, Figure 6 shows the 
mean ratios over DCREM and their 
standard deviations. In the case of 
a lower DC during REM sleep, the 
ratios are larger than 1. This is ob-
served for young subjects during 
wake, and for all age groups during 
light sleep S2, i.e., DCREM < DCwake 
and DCREM < DClight sleep. The results 
during deep sleep were inconclusive. 
Employing a paired t-test comparing 
all DC-value combinations we found 

highly significant differences (P < 0.0001) for the combinations 
wake vs. REM sleep, light sleep vs. REM sleep, wake vs. deep 
sleep, and light sleep vs. deep sleep. Marginally significant dif-
ferences (P < 0.05) were found for wake vs. light sleep. The DC 
values during deep sleep and REM sleep were not significantly 
different.

DISCUSSION
Our study leads to the following four main observations: (1) 

There is a significant aging effect on the short-term correlation 
properties of heartbeat time series, since a maximum in αRR,1 
occurs around 50-60 years of age. We also observe compa-
rable differences across sleep stages for the young and inter-
mediate age groups. (2) The long-term correlation properties 
of heartbeat and respiration data exhibit similar characteristic 
dependencies on sleep stages and wake: long-term correlations 
and effects of aging are observed only during wakefulness and 
REM sleep. Heartbeat correlations increase with age in REM 
sleep and decrease during wake, while respiratory correlations 
decrease with age both during REM and wake. (3) Differences 
between males and females of the same age are not significant 
for most scaling parameters in the studied cohort, except for 
a significantly lower average in αRR,1 for intermediately aged 

ing exponent, αRR,1, of cardiac dynamics only during wake. The 
number of elderly subjects (age: 70-89 years) in our database 
who reported episodes of regular alcohol intake is insufficient 
for a meaningful statistical analysis.

Alcohol consumption on the day before the recordings was 
reported only by 30 subjects (38 night recordings). Combin-
ing all age groups, we find a slight increase (below significance 
level) in the exponent αRR,1 during REM and NREM sleep, and 
a significant increase in αRES during NREM sleep.

Deceleration Capacity of the Heart
Figure 5 shows our results for the deceleration capacity of 

the heart (DC parameter) as a function of age, shown sepa-
rately for the sleep stages and wake. A significant decay from 
younger subjects towards older subjects is obvious in all states. 
The slope of the decay is, however, smaller for females than 
for males (see different symbols and fits printed in the figure 
but not shown). In particular young females (age 20-29) exhibit 
surprisingly low DC values, especially during wake. If one ex-
cluded this age group from the study, the DC slope for males 
and females during wakefulness would be the same. In general, 
DC values for males and females become more similar with 
aging for all states.

Figure 6—Age dependence of DC ratios: (a) DCwake / DCREM, (b) DClight sleepS2 / DCREM, and (c) DCdeep sleep S3&S4 
/ DCREM for all subjects (black filled diamonds), males (dark gray open triangles up), and females (light gray 
open triangles down).

Figure 5—Deceleration capacity (DC) versus age for (a) wakefulness, (b) light sleep S2, (c) deep sleep S3 and S4, and (d) REM sleep for all subjects (black 
filled diamonds), males (dark gray open triangles up), and females (light gray open triangles down). We plotted median values and both quartiles Q25 and 
Q75 as lower and upper errors bars, respectively. Solid straight lines are linear fits to the medians for all subjects; the formulas of the separate fits for males 
and females are printed in the top right corner. Black and gray dashed lines indicate risk levels previously defined for infarction patients: high cardiac risk DC 
< 2.5 ms and low cardiac risk DC < 4.5 ms.
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1.09 for the same subjects five years later (altogether ≈ 550 
hours of data), reporting no significant age differences. Our 
results show no significant difference in αRR,1 between young 
(age 20-39 years) and elderly (age 70-89 years) for deep sleep, 
light sleep, and REM, and a significant difference only during 
wake (see Table 1).

As mentioned before, none of the previous studies looked 
at intermediate age groups and therefore the pronounced max-
imum in αRR,1 around 50-60 years of age, for all sleep stages 
as well as wakefulness, was missed. We suggest that the un-
derlying effect of healthy aging could be an increase in αRR,1 
as indicated by the trend present from 20 to 55 years of age 
(see Figure 3). If the increase continued for the next 35 years, 
i.e., up to 90 years of age, the values of αRR,1 would reach 1.4 
or 1.5, i.e., values typical for an uncorrelated random walk. 
This usually does not happen, though, because another effect 
leads to a drop of αRR,1 for subjects of ages above 50-60 years. 
The drop seems to start somewhat earlier in women. A satisfy-
ing explanation of this observation would seem to require a 
change in the related control mechanisms which is sufficiently 
fundamental to affect all sleep stages and wakefulness. We 
speculate that this change might be related to the rise in eve-
ning cortisol levels associated with increased sleep fragmen-
tation and a decline in REM sleep. Such a rise was reported to 
begin at the age of 50 years.39 High cortisol levels have been 
associated with physiological stress and increased cardiac 
risk. We note that reduced short-term correlation exponents 
were shown to be better indicators than standard HRV param-
eters for predicting mortality in post-infarction patients.23,22 
However, we also note that the αRR,1 values for the elderly sub-
jects are comparable to the αRR,1 values for the young subjects 
during all sleep stages except for wake, where αRR,1 is signifi-
cantly lower in elderly (see Figures 3a-d, Table 1). We cannot 
exclude that the age-related drop in αRR,1 might be a reflection 
of a detrimental effect of this endpoint on individual survival. 
This means that the study of older subjects might favor in-
dividuals who had particularly favorable lower αRR,1 values 
throughout their entire life, whereas those with less favorable 
larger values had a lower probability of survival and were less 
likely to be included.

Regarding only the elderly subjects, there is a relevant tech-
nical point affecting the mean values of αRR,1. We observed an 
additional decrease in αRR,1, down to values even close to 0.5, 
in the oldest subjects if bad fits with coefficient of determina-
tion r2 < 0.98 were not disregarded in our analysis and ectopic 
beats were not carefully removed (ectopic beats have the effect 
of random spikes in the positively correlated heartbeat interval 
time series that leads to a decrease in the scaling exponent on 
short time scales resulting in αRR,1 ≈ 0.548). This indicates that 
an increasing number of ectopic beats and effects of sleep ap-
nea (leading to deviations from the power-law scaling behav-
ior of the fluctuation function28) might be partly responsible for 
the decrease in αRR,1 in clinically healthy, elderly subjects with 
possibly increased cardiac risk. We note that the coefficient of 
determination is usually not checked in instances where αRR,1 is 
used as an indicator for predicting cardiac risk and mortality 
in post-infarction patients.23,22,54 In general, the aging charac-
teristics of αRR,1 should be taken into account when using it for 
diagnostic purposes in post-infarction patients.

females. (4) Deceleration capacity (i.e., the ability of the heart 
to slow down) decreases linearly with age and reduces signifi-
cantly during deep sleep and REM sleep when compared with 
light sleep and wakefulness.

Previous studies have also analyzed the short-term and long-
term correlation behavior of heartbeat and breathing intervals 
in healthy subjects. However, previous studies considered 
much less data (approx. 500 h, compared to our 2,500 h), did 
not distinguish sleep stages, and only compared a single group 
of young with a single group of elderly subjects.26,3,27,28 Oth-
ers distinguished sleep stages but did not study age dependen-
cies and focused mainly on healthy young subjects (age ≈ 25 
years).13,20,21,4 Only one study so far has considered the effect of 
aging across different sleep stages based on a group of young 
subjects (age ≈ 33 years) and a group of elderly subjects (age 
≈ 78 years).29 Since intermediate age groups of 50-60 year-old 
subjects have not been studied, the pronounced maximum in 
short-term heartbeat correlations has not been previously ob-
served.

Short-Term Correlation Properties of Heartbeat
While earlier studies have suggested that multi-scale com-

plexity and fractal scaling behavior break down with healthy 
aging,53,26 a recent work,28 utilizing the same data sets as in 
Iyengar et al.26 as well as a second independent database, did 
not find significant differences between young and elderly 
healthy subjects in the heartbeat scaling behavior after care-
fully excluding artifacts. Iyengar et al. found αRR,1 = 0.90 for 
young (age ≈ 27 years) and αRR,1 = 1.12 for elderly (age ≈ 
74 years) subjects based on 40 hours of data recorded from 
20 subjects during wake in a resting semi-recumbent posi-
tion. Their results show the opposite trend when compared 
with our results of αRR,1 = 1.12 for the 20-29 year-old group 
and αRR,1 = 0.88 for the 70-79 year-old group during wake 
(see Figure 3a). This is perhaps due to apnea-related artifacts 
in the data from elderly subjects which were not taken into 
account in Iyengar et al.26 but significantly alter the scaling 
exponent at both short and long time scales as demonstrated 
by Schmitt et al.28

However, our results for young subjects are consistent with 
recent studies. Penzel et al.21 found αRR,1 = 1.21 during wake-
fulness, 1.18 during REM sleep, 1.00 during light sleep, and 
0.82 during deep sleep in a data set of 14 healthy subjects 
with an average age of 33 years (220 hours of data). Guzman-
Vargas and Angulo-Brown27 studied 36 hours of data from 
ten young and eight elderly subjects during wake using a dif-
ferent technique; their results correspond to αRR,1 ≈ 1.13 and 
1.48, respectively. Clearly, the values for young subjects are 
consistent with ours, but the values for elderly subjects are 
higher than ours. We speculate that the unexpectedly large 
value 1.4827 might be due to outliers among their eight elderly 
subjects. In addition, slightly larger α values are usually found 
when different states are not analyzed separately due to non-
stationarities at the transitions between the states. Recently, 
Schmitt et al.28 found αRR,1 = 1.09 for 19 young subjects (age 
≈ 26 years) and αRR,1 = 1.22 for 16 elderly subjects (age ≈ 74 
years) during wake in a resting semi-recumbent position. In 
addition they found αRR,1 = 1.12 for an independent group of 
29 elderly subjects (age ≈ 76 years) during sleep and αRR,1 = 



SLEEP, Vol. 33, No. 7, 2010 952 Age-Dependent Cardio-Respiratory Dynamics—Schumann et al

similar behavior when comparing αRR,2 for the 30-39 year-old 
group with the 70-79 year-old group, with P = 0.02 during REM 
and P > 0.02 for the other sleep stages and wake (see Figure 3). 
However, when we included the 20-29 year-old group and the 
80-89 year-old group, we found a significant difference in αRR,2 
with age during REM and wake. In contrast, we did not find an 
age dependence in the long-term scaling behavior of the heart-
beat and breathing intervals during light sleep and deep sleep. 
Moreover, while we observed a significant increase with age 
in the strength of the long-term correlations for heartbeat in-
tervals during REM (Figure 3h), we found the opposite trend 
of decreasing αRR,2 with age during wake (Figure 3e). We cur-
rently do not have a physiological explanation for the decrease 
in αRR,2 with age during wake, considering that αRR,2 reflects pre-
dominantly sympathetic tone, which was previously found to 
increase with age.

The pronounced long-term correlations, i.e., larger αRR,2 for 
heartbeat and αRES for respiration we observe during REM sleep 
and wakefulness, indicate an enhanced control of higher brain 
regions on these autonomic functions when the brain is in a 
more active state. The enhanced control causing long-term cor-
relations is obviously absent during NREM sleep, in agreement 
with earlier hypotheses.4,13,55 This interpretation is strengthened 
by the observation of long-term correlations in the fluctuations 
of brain wave amplitudes and frequencies studied based on 
EEG data for wakefulness,56 as well as separately for differ-
ent sleep stages,8 since the latter study revealed that long-term 
brain-wave correlations exist during REM sleep and wakeful-
ness only.

Deceleration Capacity of the Heart
The decay of DC with age observed in this study is in 

full qualitative agreement with previously published re-
sults obtained from 24-h Holter-ECG recordings in 1455 
post-infarction patients.57 In that study we found DCall[ms] = 
12.2−0.10·age[y], DCmales[ms] = 12.4−0.11·age[y],

 
DCfemales[ms] 

= 12.2–0.07·age[y] but did not distinguish between wakeful-
ness and sleep or sleep stages. These findings are in accordance 
with the general understanding that there is a loss in total vagal 
output with normal aging. A suppressed parasympathetic tone 
leads to a lower DC value, which is a measure of parasympa-
thetic efficiency. A recent study revealed a significant gender 
difference in sympathovagal balance with higher vagal tones 
in females during all sleep stages.58 Assuming DC is directly 
correlated with parasympathetic outflow, this should lead to a 
larger DC value in females than males. However, we found the 
opposite dependence here and in the independent study of 24-h 
Holter ECGs.57 We can imagine two possible interpretations of 
this finding. Either the ability of the heart to decelerate quickly 
is not directly associated with the amplitude of parasympathetic 
output, or less parasympathetic output in males is more effi-
ciently transcribed into actual deceleration than in females.

Furthermore, it is known that during REM sleep HF pow-
er, a proxy for parasympathetic tone, is diminished relative to 
other sleep stages and wakefulness. Concordantly, we found 
slightly lower DC values during REM sleep than during light 
sleep for most subjects. A lower DC has been associated with 
an increased mortality in post-infarction patients.25,57 Increases 
in sympathetic output accompanied by reduced vagal activity 

Long-Term Correlation Properties of Heartbeat and Respiration
Similar to the case for the short-term correlations in heart-

beat intervals, previous studies regarding the age dependence 
of long-term correlation properties of heartbeat and respiration 
in healthy subjects have not yielded a consistent picture. Early 
works found significant differences between young and elderly 
subjects, see, e.g., αRR,2 = 0.99 versus 0.75 in Iyengar.26 More 
recent studies reported no significant difference in αRR,2 between 
young and elderly during wake, see, e.g., αRR,2 = 1.13 versus 
1.1727 and αRR,2 = 0.76 versus 0.78.28 The latter study also re-
ported αRR,2 = 0.88 during sleep for elderly subjects (age ≈ 76 
years) and αRR,2 = 0.97 for the same individuals five years later 
(P = 0.01).

For respiration during wake, Peng et al.3 reported a gender 
difference, finding αRES = 0.68 (0.70) versus 0.60 (0.67) for 
males (females) and, again, young versus elderly subjects. Al-
though we found similar results when comparing young and 
elderly during wake, we did not find a significant gender dif-
ference. However, all these studies did not distinguish between 
physiologically different states like sleep stages, and thus, these 
values cannot be directly compared with ours. For both heart-
beat and inter-breath intervals, we found that there is a stark 
contrast between the clearly long-term correlated behavior 
observed during wakefulness and REM sleep and the nearly 
uncorrelated behavior observed during NREM sleep. We also 
observed significant changes, with aging, during wakefulness 
and REM, but not during light sleep and deep sleep (see Fig-
ures 3e-l).

Most studies separating sleep stages looked at healthy young 
(age ≈ 25 years) subjects only.4,13,21,55 A comparison of scaling 
and other characteristics of heartbeat intervals between young 
and elderly subjects, during different sleep stages, was present-
ed in Schmitt et al.,29 reporting a similar stratification pattern for 
both young and elderly across sleep stages. These earlier stud-
ies yielded results consistent with our findings, e.g., αRR,2 = 0.94 
(wake), 0.60 (light sleep), 0.55 (deep sleep), and 0.81 (REM 
sleep) for a group of young (age 25 years old) subjects21; and 
αRR,2 = 0.97 (wake), 0.74 (light sleep), 0.61 (deep sleep), and 
0.89 (REM sleep) for a group of 13 young (age 33 years old) 
subjects.29 These results can be compared with the correspond-
ing values αRR,2 = 1.06 (wake), 0.68 (light sleep), 0.60 (deep 
sleep), and 0.86 (REM sleep) for the 20-29 year-old group in 
this paper for heartbeat, as well as αRES = 0.57 (NREM sleep) 
versus 0.85 (REM sleep)4 compared with αRES = 0.55 (light 
sleep) versus 0.73 (REM sleep) for respiration in our study. 
Schmitt et al.29 also studied 24 elderly subjects (age ≈ 78 years) 
finding αRR,2 = 1.03 (wake), 0.63 (light sleep), 0.57 (deep sleep), 
and 1.02 (REM sleep), compared with αRR,2 = 0.91 (wake), 0.61 
(light sleep), 0.67 (deep sleep), and 0.97 (REM sleep) in this 
paper for the corresponding age group of 70-79 years. This in-
dicates a very similar stratification pattern in αRR,2 across sleep 
stages for elderly subjects in both studies. Moreover, this strati-
fication pattern in αRR,2 is robust, as we observe it also for young 
subjects in agreement with Schmitt et al.29 Clearly, it is not pos-
sible to find age dependencies by comparing these values with 
those for young subjects. Schmitt et al.29 correctly conclude that 
there are no significant effects of aging observed in their data 
when comparing αRR,2 for young (≈ 33 years old) and elderly 
(≈ 78 years old) across different sleep stages. We observed a 
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We found that age significantly and systematically influences 
the short-term correlations of heartbeat, for all sleep stages and 
wakefulness. A striking maximum of the short-term correlation 
parameter αRR,1 occurs at around 50-60 years of age. The ob-
served behavior is very similar for males and females. We spec-
ulate that the effect of healthy aging is an increase of αRR,1 with 
age that is reversed by a rise in evening cortisol levels reported 
to begin at the age of 50 years. Alternatively, the reduced αRR,1 
could also be related to extrasystoles and ectopic beats in young 
and elderly subjects, respectively. Including fluctuation func-
tions that exhibit problematic scaling behavior (often associat-
ed with sleep apnea episodes) further reduces the effective αRR,1 
in elderly subjects. We believe that the aging characteristics of 
αRR,1 should be taken into account when using this parameter for 
diagnostic purposes in post-infarction patients. However, full-
night data can be used without limitations, since sleep stage 
only weakly effects αRR,1.

Studying the auto-correlation behavior of heartbeat and 
respiration on longer time scales, we observed a clear differ-
ence between wakefulness and REM sleep on one hand and 
NREM sleep on the other. Pronounced long-term correlations 
occur during REM sleep and wakefulness only. They are prob-
ably related to an enhanced control of higher brain regions on 
these autonomic functions when the brain is in a more active 
state. In the case of heartbeat, we observed a slight decay of 
these long-term correlations with age, during wakefulness, and 
a slight increase during REM sleep. In the case of respiration 
we observed only a slight decay during both wakefulness and 
REM sleep.

Thus, the age dependence of heart rate and breathing rate cor-
relations may be significantly more complex than a mere break-
down of multi-scale complexity and fractal scaling with aging.

Fluctuation characteristics have already been successfully 
applied to generate surrogate heartbeat data that is statistically 
indistinguishable from real recordings.61 The age-related effects 
on short- and long-range variability discovered in this study 
might allow for further improvements, and ultimately lead to 
a more realistic model of cardiorespiratory regulation during 
sleep. We believe that the results should also be taken into ac-
count when developing novel scoring parameters to enhance 
the detection specificity for sleep related disorders.

The observed sleep-stage related changes in deceleration ca-
pacity (DC) can be compared with changes in long-term heart-
beat correlations during different sleep stages to improve the 
understanding of cardiovascular regulation during sleep. In ad-
dition, the results could be applied to make ECG-based detec-
tion of sleep stages possible, instead of using more complicated 
brain recordings. Another possible application is the identifica-
tion of anomalous autonomic regulation associated with certain 
disorders. We recently suggested a generalization of the PRSA 
method (bivariate phase rectified signal averaging = BPRSA) 
enabling multivariate studies of quasi-periodicities.62 For ex-
ample, one can separately analyze the behavior of heartbeat in-
tervals at the phases of inspiration and expiration, or tackle the 
question how increases or decreases in heartbeat intervals affect 
respiratory rhythms and/or blood pressure. We are planning to 
apply BPRSA to heartbeat and respiration to further study car-
diorespiratory control mechanisms during sleep and investigate 
respiratory gating.63

were related to ventricular arrhythmias that may cause sudden 
cardiac death.59 Assuming these physiological conclusions are 
also applicable to healthy subjects, our findings suggest an in-
creased cardiac risk during REM sleep when compared with 
light sleep or quiet wake. Together with the observation that 
most time spent in REM sleep takes place in the early morning 
hours the results of our analysis suggest an increase in cardio-
vascular risk during the morning hours. This is in agreement 
with earlier empirical observations based on hourly counts of 
sudden cardiac deaths and myocardial infarctions throughout 
the sleeping hours.60

Very few subjects had DC values exceeding the intermedi-
ate risk or the high risk limits (indicated by the dashed lines in 
Figure 5)25 Note, however, that the risk limits have been deter-
mined for 24-h ECG recordings sampled at 128 Hz, and thus, 
it remains unclear whether the same limits apply to our sleep 
study of healthy subjects.

Limitations
In this study we concentrated on the effects of chronological 

age on short-term and long-term fluctuations of heartbeat and 
respiration. Although many risk factors and declining health 
have been associated with chronological age, it is a rather rough 
estimator for physiological age (i.e., functional age). It still re-
mains to be explored how chronological and physiological age 
are correlated and to what extent chronological age is an indica-
tor of physiological condition and function.

Another important issue is the definition of the term “healthy” 
especially in aged subjects. To our knowledge there is no gen-
eral agreement on inclusion and/or exclusion parameters for 
healthy subjects. We are convinced that “healthy” should also 
consider biological age. During this study we realized that even 
supposedly healthy middle-aged and elderly subjects, without 
reported health complaints, show, to some extent, altered (rela-
tive to young healthy subjects) patterns in heartbeat and respira-
tion. For instance, we found several short apnea-like episodes 
in data from disease-free elderly subjects. These episodes did 
not, however, lead to an exclusion of the subjects, because the 
all-night AHI index remained below 10 per hour. As well, an en-
hanced occurrence of ectopic beats and reduced heart rate vari-
ability is observed in several elderly subjects. Again, we have 
not excluded these subjects, only removed the ectopic beats 
from the data. However, from cardiological studies we know 
that some of the older subjects that were declared healthy, in 
full agreement with the SIESTA protocol would not be consid-
ered healthy in a more restrictive study protocol concentrating 
specifically on cardiac conditions. The results shown here pres-
ent a retrospective analysis, and we had to accept recordings 
with some cardiac disturbances. Based on our experience with 
beat-detection and artifact removal, we suggest recording data 
from more ECG leads in full-night polysomnographic studies.

Summary and Outlook
In conclusion we have investigated and quantified the ef-

fects of normal aging on heartbeat-to-heartbeat and breath-to-
breath variability during wakefulness, light sleep, deep sleep, 
and REM sleep. Our study is based on 2,500 hours of full-night 
recordings in a large group of 180 disease-free (“healthy”) sub-
jects ranging in age from 20 to 89 years.
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FOOTNOTE FROM PAGE 945
A scale correction depending on the detrending-order has 

to be applied,50 since observed crossovers are larger than real 
ones: DFA2 sreal ≈ sobserved / 2.5. A considered scaling range [6,16] 
heartbeats hence transforms to a real scaling range of [2.4,6.4] 
heartbeats corresponding to the frequency band [0.156,0.417] 
Hz under the simplified assumption of an average heartbeat in-
terval of 1s. The HF band is usually associated with [0.15,0.4] 
Hz.
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Abstract

Study Objectives: Respiratory and heart rate variability exhibit fractal scaling behavior on certain time

scales. We studied the short-term and long-term correlation properties of heartbeat and breathing-

interval data from disease-free subjects focusing on the age-dependent fractal organization. We also

studied differences across sleep stages and night-time wake and investigated quasi-periodic

variations associated with cardiac risk.  

 

Design: Full-night polysomnograms were recorded during 2 nights, including electrocardiogram and

oronasal airflow.  

 

Setting: Data were collected in 7 laboratories in 5 European countries.  

 

Participants: 180 subjects without health complaints (85 males, 95 females) aged from 20 to 89 years.  

 

Interventions: None.  

 

Measurements and Results: Short-term correlations in heartbeat intervals measured by the detrended

fluctuation analysis (DFA) exponent alpha(1) show characteristic age dependence with a maximum

around 50-60 years disregarding the dependence on sleep and wake states. Long-term correlations

measured by alpha(2) differ in NREM sleep when compared with REM sleep and wake, besides weak

age dependence. Results for respiratory intervals are similar to those for alpha(2) of heartbeat

intervals. Deceleration capacity (DC) decreases with age; it is lower during REM and deep sleep

(compared with light sleep and wake).  

 

Conclusion: The age dependence of alpha(1) should be considered when using this value for

diagnostic purposes in post-infarction patients. Pronounced long-term correlations (larger alpha(2))

for heartbeat and respiration during REM sleep and wake indicate an enhanced control of higher brain

regions, which is absent during NREM sleep. Reduced DC possibly indicates an increased

cardiovascular risk with aging and during REM and deep sleep.

Keywords

Author Keywords: Sleep; aging; heart rate variability; respiration; cardiac risk; detrended fluctuation

analysis; scaling; phase rectified signal averaging; deceleration capacity
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