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bstract

We sought to quantify the autocorrelation properties and fractal dynamics of interbreath interval (IBI) variability to see if short-term airway
ressure (Paw) increases affected scaling behaviour. Data were collected in anaesthetised children at basal (Ba), medium (Me) and high (Hi) Paw.
onsistent with short-range dependence, the autocorrelation function was significant at five (Ba) to three (Hi) lags but lost its significance at
e. Wavelet variance assessed in IBI suggests biphasic power law correlations with scale. In the low scale window for the crossover point, the

ositive exponents differed from the uncorrelated components in surrogate series at Ba (p < 0.007) and Hi (p < 0.002), supporting the existence of
eterministic, persistent properties. On the contrary, white noise output was captured at Me and an antipersistent, random pattern characterised the

igh scale window. Intermediate Paw seems to reset the system to a stochastic, less complex behaviour while basal and high Paw would amplify
he gain of non-random, correlated processes. This Paw-dependent modulation of IBI fractality and short-term memory indicates that integrative
reathing control has an inherent multi-scaling structure.

2007 Elsevier B.V. All rights reserved.
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. Introduction

By applying power law distribution to the analysis of breath-
ng irregularities in preterm and term infants, Frey et al. (1998)
oncluded that a single index, the slope of the log–log diagram
f the probability density function of interbreath interval (IBI)
ime series, could provide statistical evidence of maturational
hanges in breathing pattern. This slope, if significant over a
cale interval, indicates that the relations between subsets of a
hysiological variable are statistically similar, or fractal.

Long-range dependence (LRD) and short-range depen-
ence (SRD) phenomena, which respectively reveal the mutual
ependence between successive values of the variable with a
ime-lagged set of events in the distant or recent past, have also

een observed in the variability of diverse breathing components
n resting adults (Tobin et al., 1995), unsedated infants (Cernelc
t al., 2002; Baldwin et al., 2004) and during sleep stage II

∗ Corresponding author. Tel.: +34 917277000.
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Modarreszadeh et al., 1990). These findings demonstrate the
oexistence of scaling index changes in different temporal or
orrelation scales in response to physiologic load, emphasising
he complexity of integrative central neural respiratory control
BuSha and Stella, 2002; Bruce, 1996).

A small number of studies have examined scaling and cor-
elated behaviour in IBI fluctuations under different airway
ressures (Paw). In anaesthetised rats, sustained negative and,
o a lesser extent, positive transpulmonary pressure induced

arked differences in the heterogeneity of end-expiratory lung
olume (EEV) variability as compared with a surrogate (Zhang
nd Bruce, 2000). These results suggest that lung stretch recep-
or feedback that is elicited by transpulmonary pressure swings
ncodes long-term correlation patterns in the variability of EEV.
uring exercise, where large variations of intrathoracic pressure

ould be expected, West et al. (2005) demonstrated self-similar
r fractal correlation changes in short-time series of IBI fluctua-

ions in adults under hyperbaric conditions. In obstructive sleep
pnea syndrome, continuous positive airway pressure (CPAP) is
nown to effectively regularise a breath-to-breath interval vari-
bility index (Kowallik et al., 2001) and reduce the incidence of

mailto:luisgoldman@terra.es
dx.doi.org/10.1016/j.resp.2007.11.007
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pneic spells in children and preterm newborn infants (Thibeault
t al., 1967). However, how correlation and scaling features of
BI variability will respond to airway pressure loads has not been
nvestigated in healthy children.

We hypothesised that short-term increases in Paw would
nduce a transient perturbation of the system that could affect
reathing fluctuations in anaesthetised children. To address this
ssue, we specifically assessed autocorrelation coefficients and
avelet fractal exponents in the variability of original IBI time

eries and compared them with those from surrogates generated
y randomly shuffling the original data to destroy any inter-
al correlated structure. If IBI scaling pattern is not consistent
ith the surrogates, it could indicate feedback controller mod-
lation of breathing correlated properties by lung and airway
echanoreceptor-firing information.

. Methods

.1. Patients

We studied ten American Society of Anesthesiology physical
tatus I–II children (age = 10.6 ± 2.12 years; weight = 36.13 ±
.14 kg; height = 146.11 ± 13.72 cm; sex = 6/4, f/m) scheduled
or ophthalmologic or urological surgery. The Ethical Commit-
ee approved the protocol and informed parental written consent
as obtained for each participant. We recruited patients who
ere free from respiratory, circulatory and neurological diseases

nd were not taking medications with respiratory or CNS effects
t the time of data collection.

.2. Experimental protocol

Each child received sublingual midazolam 0.2 mg kg−1

maximal dose 15 mg) 45 min preoperatively. A standard anaes-
hesia plan was followed. Routine monitoring was applied with
he children supine. Anaesthesia was induced by mask using
mixture of sevoflurane 8% and nitrous oxide (N2O) 60% in

xygen. An intravenous infusion for fluid and drug administra-
ion was started. Once an appropriate depth of anaesthesia was
ttained, a cuffed tube was place in the trachea. The size of the
racheal tube was selected according to patients’ age and ranged
rom 5.5 to 6.5 Fr. Gas leaks were excluded by auscultation of
he neck during brief closure of the adjustable pressure limiting
APL) valve to increase the pressure in the anaesthesia breathing
ystem to 20 cm H2O. Mechanical ventilation was established
hrough an adult circle circuit and adjusted to give an end-tidal
arbon dioxide (ETCO2) of 34–38 mmHg.

Ansesthesia was maintained with sevoflurane-N2O and
entanyl boluses (1–2 �g kg−1) that were adjusted at the anaes-
hesiologist’s discretion in response to surgical requirements.
he last dose of narcotic was administered approximately 45 min
efore the estimated end of surgery and ketorolac (0.75 mg kg−1)
as given IV for postoperative analgesia. The duration of
he procedures ranged between 65 and 126 min. An anaesthe-
ia machine (Julian Plus®, Dräger Medizintechnique GmbH,
ainz, Germany) that incorporates an infrared multigas analyser
as calibrated before each procedure according to factory spec-
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fications. Respiratory and anaesthetic gases were continuously
ampled at the proximal end of the endotracheal tube (sampling
ow: 200 ml min−1). Circuit pressure, which was assumed pro-
ortional to Paw, and CO2 gas concentration were retrieved from
he anaesthesia apparatus analogue output port. In addition, digi-
ised respiratory data (respiratory frequency: fR, spontaneous

inute ventilation, inspiratory and end-tidal anaesthetic and res-
iratory gas concentrations) were acquired at 10 s intervals. At
he end of surgery, fresh gas flow was increased up to twice
he predicted minute ventilation and the inspiratory sevoflurane
oncentration was decreased in a stepwise manner until the child
tarted to breath spontaneously. Once acceptable CO2 square
aves with plateau were observed, control data were collected
nder steady state light sevoflurane-N2O anaesthesia with the
PL valve open (basal: Ba) and with the valve approximately

et at 5 cm H2O (medium: Me) and then 10 cm H2O (high: Hi).
ach phase was monitored in the anaesthesia machine display
nd applied in the order described above for 2 min by the same
nvestigator (Reber et al., 2002).

.3. Interbreath interval (IBI) calculation

Paw and expired CO2 waveforms were acquired with a dig-
tal board at a sampling frequency of 100 Hz/channel and fed
nto a portable computer for off-line analysis. Phase III of the
ime capnogram, the alveolar plateau, representing average alve-
lar CO2 concentration, is followed by a sharp decrease that
lmost coincides with the end of expiration provided there is
o rebreathing or minimal rebreathing attributable to the “Y”
iece of the anaesthesia circuit (Bhavani-Shankar and Philip,
000). The apparent end-expiratory point is the point at which
he CO2 signal derivative becomes negative. Signal noise, car-
iogenic oscillations (Farmery and Hahn, 2001) and/or a blunt
utline on the angle of approximately 90◦ between phase III and
he descending limb of inspiratory phase can make it difficult to
dentify this end-expiratory point. Therefore, we fit the down-
troke portion of the curve (phase 0) by least square regression
nalysis to produce correlation coefficients greater than 0.96 and
pplied a fitted regression equation to estimate the time point (x)
orresponding to 95% ETCO2. Defining the times of occurrence
f x for two consecutive CO2 curves as x(t) and x(t + 1), t = 1, . . .,
, the expression X(t) = x(t + 1) − x(t) is obtained for a IBI(s). The
(t), called the IBI time series (IBI(t)), was computed in a non-
verlapping moving frame along the signal using custom-made
oftware written in Microsoft Visual Basics. The implemented
lgorithm recursively performed the following tasks at each
easurement period: (1) detect ETCO2, (2) identify in the sub-

equent data ensemble a cluster with a significant negative slope
orresponding to phase 0 and (3) estimate the time point x from
egression analysis. Farmery and Hahn (2001), established that
apnograms can be aligned with the onset of inspiratory flow
t their end-expiratory points, thus IBI calculations based on
nd-expiratory point measurements were assumed to be equiv-

lent to respiratory period measurements obtained directly by
pplying a threshold algorithm to pneumotachograph airflow.
e believe that the first approach avoids loading the respira-

ory system with additional instruments that would interfere
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ith the breathing pattern. Since it is possible that CO2 square
ave profiles are deteriorated if measured when TV approaches

he dead space volume, we manually confirmed the existence
f a plateau before processing all cycles. During mechanical
entilation, cyclical peaks in Paw may provoke variations of
ow rate in the sampling catheter leading to corrupted CO2
urves (Farmery and Hahn, 2001). Although large variations
n Paw are unexpected in spontaneously breathing subjects, we
reviously determined 10–90% CO2 rise time in a pressurized
naesthesia circuit simulating experimental conditions and con-
rmed that Paw-dependent changes were not significant in this
ircuit.

IBI mean-removed time series representing true variability
ere used for wavelet decomposition.

.4. Wavelet analysis

The wavelet is a localized waveform ψ(t) that can be manip-
lated by a process of dilation in the scale plane and translation
long the time or space axis. Wavelets satisfy certain mathemat-
cal conditions: they must have finite energy and their frequency
omponents decay rapidly to zero. The continuous wavelet trans-
orm (CWT) is the sum over time of the original waveform
onvolved by scaled, shifted versions of the wavelet:

(j, k) = 1√
j

∫ ∞

−∞
X(t)ψ

(
t − k

j

)
dt (1)

here T(j, k) is the continuous wavelet transform of X(t) with
espect to the wavelet function ψ(t), 1/

√
j is a weighting func-

ion, j is the dilation parameter and k indexes the location in time
r space to which it has been translated.

IBI wavelet decomposition was performed applying
aubechies wavelet order five (MatLab, Wavelet Toolbox,
athworks, Natick MA) and represented in a dyadic grid where

he scale steps S = log2 j are called octaves. The scale representa-
ion is inversely proportional to a pseudo-frequency value, which
n turn depends on a specific wavelet center frequency. Thus, the

ost expanded wavelets, which are equivalent to high scale val-
es, are convoluted with the signal at fewer points, conveying
nformation on local singularities in the low frequency spectrum
nd vice versa. This specific wavelet order has enough vanishing
oments (N = 5) to cancel all polynomials of an order less than
(Abry et al., 2003).
The range of scale (1–64) used here allows the wavelet coef-

cients to capture the SRD structure occurring at small-scale
alues while LRD processes are discernible in the large-scale
ide. As noted by Abry et al. (2003), since the wavelet is con-
tructed by the dilation or change of scale, the wavelet analysis
tself exhibits a scale invariance feature resulting in essentially
ncorrelated coefficients. By reducing the LRD of the pro-
ess to a residual short-range correlation, wavelets improve the
stimation of the Hurst exponent (H), a single parameter that
haracterises the tendency of long-range series to persist (Veitch

nd Abry, 1999).

The magnitude of wavelet coefficients representing the
trength of the association between the original waveform
egressed onto the wavelet produced a surface plot in the joint
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cale-IBI domain. Simonsen and Hansen (1998) averaged the
bsolute values of the wavelet coefficients on the translation
arameter to estimate the wavelet energy spectrum. Similarly,
e obtained a kind of spectrum of wavelet coefficients calculat-

ng the area under the curve (AUC) of wavelet coefficients by
he trapezoidal rule at each scale plane weighted by the number
f IBI’s.

The wavelet energy (E) is defined as its integrated squared
agnitude:

=
∫ ∞

−∞
|ψ(T )|2 dt (2)

plot of Eq. (2) represents a scalogram where peaks bring to
ight the scale of dominant energy features within the signal
Addison, 2002). The square of the contribution of each scale
r frequency to the underlying signal is the power of that fre-
uency and the total power of spectral analysis is equivalent to
he variance:

(j) = 1

nj

nj∑
k=1

|T (j, k)|2 (3)

here v(j) is a semi-parametric, unbiased estimator of the vari-
nce of T and nj is the number of wavelet coefficients available
t scale level Sj. If a self-similar process characterised by a given

exponent is projected onto a wavelet with a sufficiently large
(i.e., N > 2H + 1) (Abry et al., 1995), the sample variance of

he wavelet coefficients will obey a power law relationship with
cale (Addison, 2002):

(j) ≈ (2j)
2H−1

(4)

rom this expression, various estimators of H can be derived, the
implest being a least squares fit of the Logscale diagram which
onsists of the plot of y = log2(vj) against j together with the
onfidence interval (95% CI) around y:

og2 v(j) = c + (2h− 1)j + εj (5)

here the slope β = 2h − 1 was calculated by linear regression
nalysis of wavelet variance against scale and corresponds to the
caling exponent in the power law representation, the constant c
epends on the wavelet used, h asymptotically approaches H for
nfinitely long series and εj is the error term. If β is statistically
ignificant over a scale interval, IBI obeys a power law that indi-
ates the constant ratio of wavelet-based energy at any two scales
ndependent of scale resolution or, in other words, the variability
f the function originates from self-similar or fractal processes.
he fractal exponent D (representing the “roughness” of the

unction) and the scaling exponent β are related by D = 2 −β
West et al., 2005).

.5. Multifractality

For a self-similar process, the question arises whether a single

caling parameter correctly describes the variability of the func-
ion (in that case it is monofractal), or whether several indices are
ssential to portray non-linear, multifractal behaviour. Isolated
ingularities in rapidly changing functions like IBI signals have
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Table 1
Hemodynamic, respiratory and anaesthetic agent data (mean ± S.D.) for all
subjects and the average number of analyzed IBIs at each experimental condition

Variables Basal Medium High

Heart rate (bpm) 90.6 ± 22.90 89.90 ± 22.68 90.80 ± 21.69
Mean arterial pressure

(mmHg)
66.8 ± 8.89 69.9 ± 8.03 68.2 ± 10.13

SaO2 (%) 98.7 ± 1.16 99.1 ± 0.74 99.3 ± 0.67*

Minute volume
ventilation (l/m)

2.739 ± 0.74 2.735 ± 0.60 2.671 ± 0.95

End-tidal CO2 (mmHg) 51.65 ± 8.92 52.75 ± 6.18 52.69 ± 7.01
Respiratory frequency

(bpm)
18.90 ± 3.46 18.42 ± 3.69 18.70 ± 4.6

Sevoflurane (% end-tidal) 0.91 ± 0.11 0.89 ± 0.13 0.88 ± 0.12
Sevoflurane (% inspired) 0.73 ± 0.12 0.74 ± 0.11 0.72 ± 0.12
IBI (average number of 33.5 31.9 32.4

3

(
t
a
m
t
a
i 2

Typical original IBI time series (Ba) from one subject and
the surrogate constructed by random shuffling of the order of
breathing periods are shown in Fig. 1.

Fig. 1. Typical interbreath interval (IBI) time series from one of the children
while breathing through the anaesthesia circuit with the APL valve open (Ba:
basal airway pressure). Data were expressed in seconds as mean removed inter-
val size representing true variability. The original time series (thick trace) and
the surrogate (thin trace) constructed by randomly shuffling the order of inter-
2 L.J. Goldman et al. / Respiratory Phy

een estimated by the Hölder exponent (West et al., 2005). To
valuate the Hölder exponent, the partition function M (a gener-
lisation of the wavelet energy function (see Eq. (2)) is applied
o the modulus maxima of the wavelet transform (Meyer and
tiedl, 2003):

(j, q) ∝ jτ(q) (6)

here M uses q-moments of the measure distributed on the
avelet transform modulus maxima tree along scale j to define

he relationship between the scaling function τ(q) and q. The
istribution of exponents captured by the scaling function τ(q)
ay be linear, indicating that the process is monofractal, or it
ay have a slope, non-linearly changing with q. In the latter

ase, the local tangent to τ(q) or its Legendre transform, is the
orresponding Hölder exponent (α) with its related magnitude
(α). The set of values f(α) for each value of α, in essence the
pectrum of singularities of the fractal signal, is a kind of con-
ave histogram of Hölder exponents indicating how frequently
his strength of α is encountered. The spectrum of singularities
as computed using FracLab v2.03 software (IRCCyN, Nantes,
rance).

.6. Surrogate series

Scaling exponents computed from finite length series will
nclude some observational error that may complicate the task
f discriminating between deterministic processes and the out-
ut of a noisy linear system (Small et al., 1999). Like others,
e deal with this ambiguity by statistically comparing scaling

xponents from original IBI time series with their respective
urrogate. The surrogate series were created by randomising
he sequential order of data in the original IBI series. This pre-
erved mean, SD and the histogram for the data but destroyed
ny correlated structure in the original sequence (Zhang and
ruce, 2000). Then, both the original and the shuffled IBI

eries were projected onto the same wavelet framework. If
ignificant, positive slopes in the Logscale diagram became
nsignificant after shuffling the sequence, we concluded that
ersistent, correlated fluctuations were behind IBI self-similar
roperties.

.7. Statistical analysis

Data were analyzed using SPSS (Version 11.0) statistical soft-
are (SPSS, Chicago, IL). IBI and AUC values were assessed

t Ba, Me and Hi for Paw and scale effects as well as inter-
ctions by repeated measures ANOVA with the Bonferroni
orrection for multiple comparisons after determining that data
ere normally distributed. The 95% CI and the significance
f the scaling exponents were obtained by repeated measure
NOVA using surrogate series. The existence of autocovari-
nce in the IBI series and the surrogate was assessed through
0 lags by using the built in “xcov” function of MatLab Statis-
ic Toolbox (The Mathworks, Natick, MA) with the “biased”
ption. Data were expressed as mean ± S.D., unless otherwise
ndicated.

v
b
v
d
p
c

breaths)

* p = 0.01.

. Results

APL valve manipulations effectively increased Paw
cm H2O) from −0.24 ± 0.66 (Ba) to 3.57 ± 0.61 (Me) and
hen to 9.28 ± 0.42 (Hi). Hemodynamic and respiratory vari-
bles including heart rate, non-invasive mean arterial pressure,
inute volume ventilation, ETCO2, fR and inspiratory and end-

idal sevoflurane concentrations did not change significantly as
function of Paw except for a clinically insignificant increase

n SaO at Hi (Table 1).
als were plotted together. Shuffling preserved the mean, S.D. and histogram
ut destroyed any correlated structure in the original data. Regardless of the
isual similarity between the two traces, self-similarity and short-range depen-
ence was only confirmed in the original IBI series at the low and high airway
ressure while absence of mutual dependence and breakdown of self-similarity
haracterised the surrogate.
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Fig. 2. The autocorrelation function for the original interbreath interval series (left panel) at each experimental phase and the surrogates (right panel) is represented
in a box-plot diagram through 10 lags. The box has lines at the lower quartile, median and upper quartile values. The whiskers are lines that show the extent of the
rest of the data and outliers (+) are data with values beyond the ends of the whiskers. If the correlation coefficient for a given lag or breath interval is significantly
different from zero this would imply that an average increase in the breathing interval is more likely to be followed by an increase in the adjoining breaths. The
correlation coefficients were significantly higher than zero in the first five lags at basal (A) and in the first three lags at high (C) airway pressure (Paw), which is
consistent with “short-term memory” between neighbouring breaths (*, p < 0.05; **, p < 0.01; ***, p < 0.001). This short-time dependence structure is lost during
medium Paw (B). The autocorrelation function applied to the surrogate did not differ from the null hypothesis across the 10 lags.
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Fig. 3. By applying Daubechies’ continuous wavelet transformation, the original
(A) interbreath interval (IBI: same traces as Fig. 1) variability and the surrogate
(B) were decomposed in the joint IBI-scale space. The wavelet transform appears
spatially depicted as a colour surface defined by the IBI number in the abscissa,
scale 1–64 in the ordinate and the magnitude of wavelet coefficients in the
vertical axis. The red area denotes a high-energy level while the blue corresponds
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.1. Conventional measures of IBI variability: S.D. and CV

IBI(s) computed from 978 breaths showed small, non-
ignificant (p = 0.22) Paw-related changes (Ba = 3.278 ± 0.64;

e = 3.387 ± 0.68 and Hi = 3.377 ± 0.78) and very close coef-
cients of variation (Ba = 19.54%, Me = 20.14% and Hi =
3.08%). These values look remarkably similar to the value of
2 ± 8.6% reported by Tobin et al. (1995) in healthy adults. Sim-
larly, the mean removed IBI series (Ba = −0.00202 ± 0.0054,

e = −0.00162 ± 0.0052 and Hi = −0.00138 ± 0.0048, were
naffected by Paw (p = 0.96).

.2. Autocorrelation analysis

The autocorrelation function was computed up to ten lags
nd then displayed in Fig. 2(A–C). Whereas the coefficient of
orrelation (r) at a lag of zero indicates perfect correlation (i.e.,
= 1.0), observing that r for subsequent lags or breath intervals

s significantly higher than zero would imply that an average
ncrease in the breathing interval is more likely to be followed
y an increase in the adjoining breaths. This so-called “short-
erm memory” extends for the subsequent lags up to the point
t which the autocorrelation function tends to zero. The auto-
orrelation function was significant at Ba for one to five lags
Fig. 2A) and at Hi for one to three lags (Fig. 2C) but at Me, no
orrelation for up to 10 lags was observed (Fig. 2B). Dependence
mong neighboring breaths implies that either the analysed func-
ion is correlated in essence or it originates in an autocorrelated
rocess. As shown here, the flat, insignificant autocorrela-
ion function of the surrogate confirmed that any correlated
tructure in the original sequence was effectively destroyed
Fig. 2A–C: right panels).

.3. Wavelet representation of IBI variability

As projected onto the IBI-scale space, the wavelet transform
s visualised as a coloured surface defined by the IBI number on
he abscissa, scales 1–64 on the ordinate, which represents the
epth of wavelet decomposition and the magnitude of wavelet
oefficients on the vertical axis (Fig. 3A and B). The red and
lue areas respectively represent the high and low magnitudes
f the signal energy spectrum. Fig. 3(A) shows a representative
riginal IBI that contains high-energy components that extend
ver a wider scale window than the corresponding surrogate
Fig. 3B).

.4. Wavelet coefficients spectrum

The AUC of wavelet coefficients, representing the spectrum
f wavelet coefficients, exhibits a significant scale effect at Ba
AUCoriginal = 0.0381 ± 0.018 (S.E.), F = 3.38, p = 0; Fig. 4A)
nd Hi (AUCoriginal = 0.0422 ± 0.022, F = 4.93, p = 0; Fig. 4C).
his sustained increase observed across the scale indicates

hanges in the spectrum of wavelet coefficients, clearly dif-
ering from the surrogate’s small, constant response at Ba
AUCsurrogate = −0.0132 ± 0.012, F = 1.34, p = 0.05) and Hi
AUCsurrogate = 0.0017 ± 0.007, F = 0.23, p = 1). In contrast,

(
f
o
T

o low energy level. The comparison of A and B highlights the existence of
igher energy components in the original IBI series extending over a wider
cale window than in the surrogate.

cale had no influence on Me (AUCoriginal = 0.00223 ± 0.018,
= 0.09, p = 1; Fig. 4B) suggesting a homogeneous dis-

ribution similar to the surrogate (AUCsurrogate = −0.0118 ±
.007, F = 1.29, p = 0.07). The overall estimated AUCoriginal =
.0275 ± 0.008 (S.E.) differed significantly from AUCsurrogate =
0.0078 ± 0.008 (F = 10.62, p = 0.004).

.5. Power law properties of wavelet coefficient variance

The Logscale diagram illustrates the dependence of wavelet
oefficient variance on scale according to Eq. (5). The original
eries exhibit biphasic power law correlations with crossover
t scale values of 24 (24.59) for Ba (Fig. 5A), 11 (23.46) for Me

Fig. 5B) and 16 (24) for Hi (Fig. 5C). We separately assessed the
unction on both sides of the transition point. Regression analysis
f the original data ensemble and surrogate are summarised on
able 2 for each experimental phase.
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Fig. 4. This represents the area under the curve (AUC) for wavelet coefficients at each scale value for both the original interbreath interval (IBI) time series
(mean + S.E.: respectively black circles and black points for the purpose of graphic simplicity) and the surrogate (mean + S.E.: respectively grey points and small grey
points). The AUC estimates the average spectral energy content in the scale domain throughout the experiment. The AUC of the original IBI exhibits a significant
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cale effect and significantly differs from the surrogate at basal and high airway
cross scales similar to the white noise output in the surrogate series.

.5.1. Logscale diagram: low scale window
Between scale = 1 and the respective transition points, the
ower law function for Ba (Fig. 5A) and Hi (Fig. 5C)
as characterised by positive slopes that significantly dif-

ered from the surrogate’s flat response at Ba (p < 0.007)
nd Hi (p < 0.002) and are therefore compatible with self-

s
(
s
d

ig. 5. The wavelet coefficient variance for all individuals represented on a Logscale
lack points). The “knee” points representing the transition are respectively indicate
Me) and 16 (24) for high (Hi) airway pressure. To the left of the crossover points,
rocess; on the contrary, a non-significant slope occurred at Me. For comparison, the
ives an obviously flat response in the low scale window. To the right of the crossov
uggesting an antipersistent behaviour; however, the original data maintain a higher e
ure conditions; in contrast, at the medium phase, it displays a flat energy level

imilar, short-dependent processes (Table 2). At Me (Fig. 5B),
he transition point exhibits a blunt outline and neither

lope original (Fig. 6: black, filled bars) or surrogate
Fig. 6: black, unfilled bars) reach statistical significance,
uggesting a breakdown of similarity and an absence of depen-
ence.

diagram suggests biphasic power law correlations (mean: black circle; +S.E.:
d by arrows at scale values of 24 (24.59) for basal (Ba), 11 (23.46) for medium
significant positive slopes were obtained at Ba and Hi suggesting a persistent
same analysis with the surrogate (mean: grey points; +S.E.: small grey points)
er points, the slopes of both sets of data (original and surrogate) were similar,
nergy level than the surrogate does in all three phases.
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Table 2
The slopes (95% CI) from the Logscale diagram (see Fig. 5), representing the scaling exponents for the IBI series (original and surrogate) under airway pressure
conditions, were calculated for the two scale windows: at the left (low scale) and at the right (high scale) relative to the crossover point

Basal Medium High

Slope (low scale)
Original 0.629 (0.819, 0.439) 0.283 (0.581, −0.016) 0.528 (0.802, 0.255)
r, F, p 0.4, 42.6, 0 0.19, 3.5, 0.06, NS 0.32, 14.6, 0
Surrogate −0.182 (0.002, −0.366) −0.366 (−0.005, −0.726) −0.268 (−0.045, −0.491)
r, F, p 0.13, 3.8, 0.053, NS 0.2, 4.05, 0.047 0.21, 5.7, 0.019

Slope (high scale)
Original −1.012 (−0.590, −1.435) −0.697 (−0.477, −0.917) −0.710 (−0.418, −1.002)
r, F, p 0.23, 22.2, 0 0.26, 36.7, 0 0.21, 22.8, 0
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Surrogate −1.324 (−0.877, −1.772)
r, F, p 0.28, 33.8, 0

: correlation coefficient, F and p from regression analysis. NS: not significant.

.5.2. Logscale diagram: high scale window
Beyond the transition points, the power law representation

f the original IBI series was characterised by significant neg-
tive slopes similar to the surrogate in all three phases (Fig. 5,
able 2 and Fig. 6: grey bars); however, the original data (Fig. 6:
rey, filled bars) maintain a higher level of energy than the sur-
ogate (Fig. 6: grey, unfilled bars). This behaviour is consistent
ith an antipersistent, random fractal. The striking differences
etween scaling exponents on both sides of crossover points
ustify separate analysis.

.6. Multifractal assessment
The wavelet modulus maxima at each q-moment were rep-
esented as a group of curves, one curve per q value (Fig. 7A).
or a specified range of scales we obtained the estimate of the

ig. 6. This graph represents average individual power law exponents with 95%
I for the original interbreath interval (IBI) series (filled bars) under experimen-

al conditions and the surrogate (unfilled bars). As computed in the low scale
indow (black bars) the values for the original data at basal (Ba) and high (Hi)

irway pressure (Paw) are consistent with deterministic, self-similar processes.
he significant difference by the surrogate further supports the correlated frac-

al nature of IBI variability except at intermediate Paw (Me) where the lack of
ifferences indicates uncorrelated white noise output. In the high scale window
grey bars) the original and surrogate data ensembles showed no significant dif-
erences at any of the phases, suggesting an antipersistent, scaling pattern in IBI
ariability. This behaviour consistently diverges from the Paw-dependent power
aw properties in the low scale window.

s
i
p
a
P
t
u
d
a
t
a
b
S
a
h
e
p

4

i
o
t
l
t
t
b
(

−1.085 (−0.911, −1.259) −1.404 (−1.194, −1.614)
0.47, 150.1, 0 0.51, 172.6, 0

unction τ(q) (Fig. 7B) and the singularity spectrum f(α) for orig-
nal and surrogate (Fig. 7C). The broad range of values of the

Hölder exponent with non-zero fractal dimensions globally
uantified by their S.D. is indicative of multifractal dynamics,
hile densely packed or single values of α strongly suggest
onofractal behaviour. Effectively, the S.D. of α fell from 0.45

Ba) to 0.34 (Me) and then to 0.28 (Hi), indicating that the
unction becomes less multifractal as Paw increases (Fig. 7).

. Discussion

By assessing scaling properties in the variability of IBI
equences, we characterised a self-similar dynamic that turned
nto a less complex pattern in response to intermediate airway
ressure stimulus. The significant autocorrelation coefficients
nd the positive scaling exponents observed in the basal and high
aw differed from the surrogate white noise output supporting

he existence of correlated processes undetected by average val-
es and conventional measures of variability. The collapse of this
eterministic structure into stochastic randomness, apparently as
result of intermediate Paw, suggests a remarkable feature of

he respiratory system such that it dynamically modulates the
mount of correlated variability in the face of external pertur-
ations under operating conditions not far from equilibrium.
imilarly, different fractions of random and correlated vari-
bility reflecting physiological influences on respiratory control
ave been found in healthy adults breathing with elastic (Brack
t al., 1997) and resistive (Brack et al., 1998) loads and in the
resence of isocapnic hypoxia (Jubran and Tobin, 2000).

.1. The autocorrelated pattern of IBI variability

The autocorrelation function compares an IBI series with
tself by recursively delaying its onset for an increasing number
f breathing intervals (lags). The significance of autocorrela-
ion coefficients in the first five lags at Ba and in the first three
ags at Hi implies the existence of short-term memory within

hese limits; at Me, in contrast, we observed a lack of correla-
ion similar to the surrogate. Although the correlated property of
reathing components is often studied over a large time frame
BuSha and Stella, 2002; Cernelc et al., 2002), short-time series
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Fig. 7. Assessing multifractal behaviour of the interbreath interval (IBI) series amounts to computing partition functions from the wavelet modulus maxima at
different q-moments. This yields a group of curves, one curve per q value (A). For a specified range of scales, the estimate of the scaling function τ(q) (B) extracted
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rom the power law properties of these functions and the singularity spectrum
f the α Hölder exponent with non-zero fractal dimensions (C) is indicative of
onofractal processes.

nalysis performed with various mathematical tools (Baldwin
t al., 2004; West et al., 2005) including the present study cor-
oborate that SRD is also essential to IBI self-similarity. Tobin
t al. (1995) demonstrated in healthy adults that primary breath
omponents display significant autocorrelation coefficients for
pproximately three consecutive breaths. The loss of similar
mounts of short-range memory during isocapnic hypoxia in
wake subjects (Jubran and Tobin, 2000), before a sigh in sleep-
ng infants (Baldwin et al., 2004) and following our intermediate
aw intervention can be interpreted in the context of system
ynamics as a filter for a sudden stimulus that smoothes the
esponse of the system to that stimulus.

.2. The biphasic power law behaviour

At the basal (Ba) and high Paw (Hi), the biphasic scaling of
avelet variance probably reflects selective controller modula-

ion at different scales. In the time domain, Cernelc et al. (2002)
ound a two-slope pattern in TV fluctuations with a crossover
oint at Nx = 18 breaths, indicating the periodicity of correlated
emporal properties. Whereas in the same study the differences
etween the slopes for the short (0.86) and long time scales
0.73) were small, we observed marked differences between the
lopes for the low and the high scale windows, stressing the most
avorable resolution of wavelet coefficients for SRD processes.

In the low scale window, the calculated average fractal dimen-
ion (D = 2 -β) at Ba = 1.371 and Hi = 1.472 lies within the limits
or regular processes (D = 1) and random fractal (D > 1.5) being

onsistent with persistent fluctuation and short-range depen-
ence. Our fractal dimension was close to reported values
D = 1.33) for short IBI time series in adults (West et al., 2005)
nd the scaling exponent slightly higher but less dispersed than

g
p
c
u

(C) from its (τ(q)) Legendre transform are shown. The broad range of values
fractal dynamics while densely packed or single values of α, strongly suggest

set of fractal exponents normally distributed between 0.79 and
0.22 in sleeping infants (Larsen et al., 2004). Fadel et al. (2004)

eported a persistent fractal exponent of 0.62 in six of nine cases,
nd this perfectly matches our results at Ba (Table 2). Similarly,
alues of 0.72 occurred in detrended fluctuation analysis exam-
ning VT time series for correlation and long-range memory in
leeping infants (Baldwin et al., 2004; Cernelc et al., 2002), and
dults (Peng et al., 2002). The small differences can be attributed
o inter-individual variability and age and gender dependence of
reathing correlations (Frey et al., 1998; Cernelc et al., 2002;
eng et al., 2002).

Beyond the crossover points, the original function was neg-
tive and indistinguishable from the surrogate in the high scale
indow. Frey et al. (1998), observed that negative exponents

−2.87 and −2.52 for term and preterm infants, respectively)
haracterised IBIs power law distribution. Negative exponents
lso occurred with Fano and Allan factors (Fadel et al., 2004) and
hen dispersional analysis was applied to EEV changes in rats

Zhang and Bruce, 2000) suggesting that the function originates
n random fractals.

Therefore, at basal and high Paw, the marked contrast
etween power law exponents on both sides of the “knee” point
nd the differences with the surrogate (Table 2) indicate that
deterministic scaling process dominates IBI energy spectral

eatures at fine scale values, while stochastic fractal properties
revail at coarser values.

At intermediate Paw, the wavelet coefficient variance exhibits
non-significant trend that is indistinguishable from the surro-

ate, precluding the use of fractal coefficients to appropriately
arameterise the process in the low scale window. This pattern
oincides with the flat wavelet profile (Fig. 4B) indicative of a
niform distribution of energy across scales and, which makes
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athematical sense, a lack of autocorrelation (Fig. 2B) suggest-
ng that intermediate Paw could have smoothed the correlated,
ractal controller output seen at the basal and high Paw. Although
his interpretation might have appealing physiological implica-
ions (see Section 4.3), it should be considered with caution since
thers (Fadel et al., 2004) have not consistently found fractal
roperties and the short time series used could have increased
he uncertainty of scaling exponents.

The wavelet spectrum also reflected a biphasic distribution
onsisting first of a step increase in the low scale range that
volved into a smoother pattern in the high scale region (Fig. 4A
nd C). The transition point is clearly located (Fig. 3A) at
he point where the persistent tendency towards the maximum
avelet energy (red area) turns into an antipersistent propensity

o the minimum wavelet energy region (blue area). In sum-
ary, our data suggest a biphasic power law correlation and

his possibility need studies with longer data sequences for con-
rmation.

.3. The origin of fractal and correlated properties in IBI
eries

The fractal correlation of IBI fluctuations showing diverse
nergy distributions at each Paw level implies a complex sys-
em with feedback mechanisms that may contain information
n the control of breathing. In resting adults, fractal fluctua-
ions in the respiratory period and breath amplitude have been
elated to several factors such as inherent properties of the respi-
atory oscillator, peripheral feedback from thoracic and/or lung
echanoreceptors, suprapontine inputs to the respiratory net-
ork and changes in blood–gas concentration, among other

ources (BuSha and Stella, 2002; Fadel et al., 2004). The activity
rom lung mechanoreceptors, like the rapidly adapting receptors
RARs), and to a lesser extent, the slowly adapting receptors and
ronchial C-fiber afferents, is known to decrease in response to
mproved lung compliance, while, conversely, low compliance
alues may enhance lung afferent feedback (Jonzon et al., 1986;
a et al., 2003). Jonzon and Sendin (1982) also demonstrated

hat a 2.5 cm H2O CPAP achieved regular breathing, decreased
hrenic burst interval variability and increased phrenic nerve
ctivity in newborn lambs while Richardson (1988) demon-
trated in cats that lung inflation produces an upward shift in
hrenic power density activity. Further studies, also in cats,
howed that the interval between the peak intratracheal pres-
ure and the peak integrated phrenic nerve activity increased
hen positive end-expiratory pressure rose to 7.5 cm H2O but
ecreased at 10 cm H2O (Yamakage et al., 1993). Fractal expo-
ents characterising EEV fluctuations in anaesthetised rats
hanged when the airway was subjected mainly to negative and,
o a lesser degree, to positive transpulmonary pressure swings
Zhang and Bruce, 2000). In summary, Paw and lung compliance
ests prompt adjustments in scaling behaviour, breath-timing and
hrenic power density. Thus, it is likely that moderate increases

n Paw or the improved lung compliance expected at 5 cm H2O
PAP (Serafı́n et al., 1999), might modulate IBI fractal correla-

ion, thereby decreasing signal energy content and the short-term
emory for preceding breaths. Further increases of Paw towards

c
i
c
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he non-linear portion of lung V–P relationships and/or enhanced
hest wall recoil as a result of expiratory muscle activity (Road
nd Leevers, 1990; Drummond, 2003) might shift the system
way from equilibrium and strengthen IBI spectral energy com-
lexity and short-range dependence.

While the role of neural responses to different loads has
een stressed in the correlated behaviour fluctuations (Jubran
nd Tobin, 2000; BuSha and Stella, 2002), how the controller
ncodes this regulatory activity in IBI fluctuations is largely
nknown.

.4. Multifractal analysis

Since complex processes can be multifractal, we estimated
he local regularity in the function by comparing the scaling
f various wavelet moments. The broad range of values of the
caling exponent α (Fig. 7C), reflecting non-linear features in
he variability of the IBI series, was consistent with the complex,

ultifractal properties of biological system output as has been
onfirmed in studies on heart rate (Ivanov et al., 1999) and EEG
ariability (Popivanov et al., 2006). Although the essence of
he singularity index only allows an overall estimation of non-
inearity without providing information on specific singularities,
he multifractal features of the function seemingly collapse into

less complex monofractal pattern as Paw increases. This is
onsistent with the possible filtering properties of the system in
moothing the perturbing effects of several stimuli.

.5. Limitations of the study

The main questions about our study are the reliability of
easurements made over short time periods and about the effec-

ivity of randomising our experimental sequence. Other concerns
egard the possibility of the anaesthetic agent having affected the
espiratory controller and the possibility that we may not have
hosen the most appropriate measuring moment.

Several reports have used short-time series to focus on res-
iratory (West et al., 2005; Baldwin et al., 2004) and heart
ate variability (Duverney et al., 2002), and verified that even
short time-window can retain scaling responses to the physi-
logical load. Obviously, this approach may have decreased the
ikelihood that LRD processes could be captured.

To avoid bias it is necessary to randomise treatment
equences. Therefore, ideally, randomising the order of applied
aw should avoid a systematic error but this would excessively

ncrease the duration of the procedure and prolong the recovery
rom anaesthesia. Concerned for our patients’ safety, we adopted
he Reber et al. (2002) concise experimental design.

To our knowledge, the present study is the first to determine
ractal correlations behind IBI variability in anaesthetised chil-
ren. Although breathing pattern becomes regular at the surgical
lane of anaesthesia, on the contrary, light inhalation anaesthe-
ia has an inherent irregular breathing pattern as shown in Fig. 1

haracterised by correlated properties similar to those recorded
n awake and sleeping infants, suggesting that low agent con-
entrations would minimally influence IBI fluctuations. The
elatively fixed respiratory timing at increasing halothane con-
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entrations in children (Reich et al., 1994) further supports this
erception.

.6. Implications and conclusions

The effect of Paw on IBI self-similarity possibly involves
ther breath components also possessing fractal behaviour.
nterestingly, fractal mechanical ventilation that mimics a spon-
aneous TV pattern induced a net gain of recruited lung volume
hen applied to injured lungs (Mutch et al., 2000). More-
ver, spontaneous (i.e., variable) breathing during mechanical
entilatory support also recruited collapsed lung units and
mproved gas exchange in an animal model (Wrigge et al., 2003).
his enhanced alveolar recruitment was presumably provoked
y variable inflating pressures tuned to the non-linear seg-
ent of the V–P relationship that characterises the competition

etween recruitment of alveoli (which increases compliance)
nd stiffened lung regions (Suki et al., 1998). Therefore, as well
s promoting lung expansion and hence the surface area for
as exchange, Paw increases might further encourage alveolar
ecruitment if Paw, as we have seen occurs with IBI, exhibits
ractal behaviour.

In conclusion, the intermediate Paw decreased the complexity
f the IBI short-range dependence, probably via RAR afferent
eedback, and possibly smoothed the biphasic power law prop-
rties of IBI variability even though larger data sequences are
ecessary to statistically confirm the two-slope pattern. On the
ther hand, the process was less multifractal at higher Paw lev-
ls suggesting that integrative breathing control has an inherent,
on-linear multi-scaling structure.
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