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Cardio-Respiratory Phase Synchronization from
Reconstructed Respiration

A. Kuhnhold, A.Y. Schumann, R.P. Bartsch, G. Schmidt, and J.W. Kantelhardt

Abstract—Changes in the phase-synchronization behavior of
a physiological system can characterize the complexity of its
dynamics. Taking the human cardio-respiratory system as an
example and using a recently developed procedure for an auto-
mated screening of synchrograms we study the data of 874 post-
infarction patients, where heartbeat intervals and respiration
were recorded approximately one week after the index myocar-
dial infarction event. We find that phase synchronization isde-
creased in patients with increased mortality risk or age. However,
our analysis also indicates that data from 30 minutes recordings is
insufficient to achieve a reliable statistics for predicting mortality
risk based on phase synchronization. Therefore, we further
develop techniques for extracting respiratory information from
ECG recordings to be able to use long-term Holter recordings
of post-infarction patients in future studies. In particular, we
compare breathing-phase reconstructions based on the amplitude
of the R peaks in the ECG or beat-to-beat time intervals with
real respiratory phases.

Index Terms—heart rate, respiration, phase synchronization,
synchrogram, post-infarction patients, mortality risk

I. I NTRODUCTION

Transitions in the synchronization behavior of coupled os-
cillators have been shown to be important characteristics of
model systems [1]. However, phase synchronization is difficult
to study in experimental data which are very often inherently
nonstationary and thus contain only quasiperiodic oscillations.

In physiology, the study of phase synchronization focuses
on cardio-respiratory data and encephalographic data [2].First
approaches for the study of cardio-respiratory synchronization
have been undertaken by the analysis of the relative position
of inspiration within the corresponding cardiac cycle [3].
More recently, phase synchronization between heartbeat and
breathing has been studied using the synchrogram method [1],
[4]–[7]. While long synchronization episodes were observed
in athletes and heart-transplant patients (several hundreds of
seconds) [4], [5], shorter episodes were detected in normal
subjects (typical duration less than hundred seconds) [5]–[8].
In this paper, we use the recently developed automated proce-
dure [7], [9] for screening the cardio-respiratory synchrograms
of 874 post-infarction patients, where heartbeat intervals and
respiration were recorded approximately one week after an
index myocardial infarction event.
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The risk to die of sudden cardiac death (SCD) was shown
to be significantly increased after an acute myocardial in-
farction [10]. Studies in high-risk survivors have reported a
reduced mortality due to the implantation of an implantable
cardioverter defibrillator device [11]. Thus, the identification
of post-infarction patients at risk of SCD is a crucial element in
post-infarction therapy and surgery. Besides the currently used
gold standard for mortality-risk assessment, left ventricular
ejection fraction (LVEF), several other predictors and scores
have been suggested [12] including deceleration capacity (DC)
describing the heart’s capability to decelerate [13], [14]. A
very recent study utilized a reduced respiratory sinus arrhyth-
mia (RSA) among high-risk patients for risk assessment [15].

However, RSA, that is the modulation of the heart rate due
to respiration [16] must be distinguished from synchronization.
In RSA, respiration influences the sympathovagal balance of
the autonomous nervous system and, thus, affects heart rate.
While a sympathetic predominance during inspiration causes
the heart to accelerate (shorter beat-to-beat intervals),expira-
tion enhances vagal tone and suppresses sympathetic output
yielding a reduction in heart rate, i.e., a prolongation in beat-
to-beat intervals. The actual times of the individual heartbeats,
however, must not be correlated with the respiratory cycle.For
phase synchronization, on the other hand, heartbeats occurat
specific phases of the respiratory oscillator.

In this paper we apply the automated synchrogram screening
procedure [7], [9] to the data of 874 post-infarction patients,
and compare results for real and reconstructed respiration.
We tackle the question to which extent cardio-respiratory
phase-synchronization can be studied using respiration recon-
structed from heartbeat and discuss the usability of phase-
synchronization for mortality-risk assessment.

II. DATA AND METHODS

A. Measurements and Preprocessing

From 874 survivors of an acute myocardial infarction 3-lead
high-resolution electrocardiogram (1600Hz), blood pressure,
and thorax excursion were recorded for 30 minutes. All record-
ings were obtained within the second week after the index in-
farction event in supine position under resting conditions. For
measuring ECG signals we used the orthogonal bipolar Frank-
leads [see Fig. 1(a)] with back-to-front component X, right-to-
left component Y, and foot-to-head component Z. ECG data
was preprocessed using the QRS-complex detection software
Librasch [17]. Identified heartbeats and their classification,
i. e., normal beat, ectopic beat, or artifact, were checked by
trained personnel. We consider the timestk, k = 1, . . . , N
of R peaks as a proxy for heartbeat times and derive the
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Fig. 1. (a) Illustration of Frank leads setup (taken from [20]). (b) R-
peak amplitudes and R-R intervals from ECG signals recordedfrom a post-
infarction patient; from top to bottom: Frank-leads X (red), Y (blue), and Z
(turquoise), as well as the RRI signal (pink).

signal of beat-to-beat time intervals (RRI) from the ECG-lead
containing the least artifacts (see Fig. 1(b), bottom curve).
While we keep ventricular and super-ventricular beats, artifacts
are excluded. In addition, we calculate the amplitudes of
the R peaks from all three leads (see Fig. 1(b), three top
curves). Thorax excursion was monitored by stretch sensors
incorporated in an elastic belt around the thorax. Finally,
all five time series (three R-peak signals, RRI, and thorax
excursion as proxy of real respiration) are resampled to 4Hz
by a linear interpolation of the values.

B. Calculation of Respiratory Phase Signals

In order to obtain a phase signal for the real-respiration
recording,x(t), we employ the analytical signal approach by
complementingx(t) with its complex counterpartix̃(t) that is
defined via a Hilbert transform [18]

x̃(t) =
1

π
P.V.

∫

∞

−∞

x(t′)

t − t′
dt′ . (1)

Here, P.V. denotes the Cauchy principal value. From the
analytical signal expression

x̂(t) = x(t) + ix̃(t) = A(t)eiϕ(t) (2)

follow both the instantaneous amplitude signal,A(t) =
√

x2(t) + x̃2(t), and the instantaneous phase signal,ϕ(t) =
atan2{x̃(t), x(t)}. The Hilbert transform in Eq. (1) requires
two prerequisites in order to result in meaningful amplitude
and phase signals: (i) the input signal,x(t), must oscillate
around zero which can be guaranteed by subtracting its mean
value 〈x〉 = N−1

∑N

l=1 x(l∆t) with ∆t = 0.25s, and (ii)
a narrow frequency band which is ensured by incorporating
a bandpass frequency filter, e.g., confining frequencies to the
HF band (0.15− 0.4Hz) in the case of respiration. In practice
the Hilbert transform can easily be computed by applying the
convolution theorem: We rewrite Eq. (1) as the product of the
Fourier transform of1/(πt), being−i sgn(f) with frequency
f , and the Fourier transform ofx(t). We further denote by
ϕreal resp(t) the phase signal calculated from thorax excursion.

C. Reconstructing Respiration from ECG Data

Our first reconstruction method exploits the variation of
the axis of the heart caused by respiration and resulting in
a modulation of R-peak amplitude. This means, the envelope
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Fig. 2. Comparison of phases for real respiration (black, solid line) and
four types of reconstructed respiration (dotted curves, colors correspond to
those in Fig. 1) in a randomly chosen subject. (a)-(c) Reconstruction from the
ECG-leads after Frank: (a) X, (b) Y, and (c) Z; (d) reconstruction from RR
intervals. The reconstruction shown in (c) is best, i.e., the phase difference
between real and reconstructed respiration is most stable.

of the raw ECG, using the (resampled) R-peak amplitudes as
nodes, can serve as a respiration proxy. We calculate from
all three resampled R-peak amplitude signals,x(j)(t) with
j = X, Y, Z indicating the Frank leads, the instantaneous
amplitude functions (reconstructed breathing signals),A(j)(t),
and the instantaneous phase signals,ϕ

(j)
rec resp(t). For this we

employ Fourier filtering, i. e., transforming the resampled
signal to frequency space by a fast Fourier transform (FFT),
applying a bandpass filter adjusted to HF components, and
transforming back to time space by an inverse FFT. The
filter works best if a Gaussian bandpass with center 0.35
Hz and width (standard deviation) 0.10 Hz is used [19].
Finally, an analytical signal approach following Eq. (2) yields
the reconstructed respiratory phases. Examples of the phases
ϕ

(X)
rec resp(t), ϕ

(Y )
rec resp(t), andϕ

(Z)
rec resp(t) are depicted in Fig. 2(a-c)

together with the phaseϕreal resp(t) of real respiration.
The secondreconstruction method exploits the RSA mech-

anism. Respiratory components can be extracted from a RRI
time series by Fourier filtering and an analytical signal ap-
proach as described above. Note that the strength of RSA
effects varies among subjects, and there are subjects where
RSA can not be used to extract respiration from heartbeat data,
see [9] for discussion. After reconstructing respiration from
heartbeat intervals we calculate a phase signal,ϕ

(RRI)
rec resp(t),

according to Eq. (2). Figure 2(d) showsϕ(RRI)
rec resp(t) together

with ϕreal resp(t) for a typical post-infarction patient.

D. Quantifying Phase Synchronization

Our algorithm for the detection of phase-synchronization
episodes is based on the study of cardio-respiratory synchro-
grams [1], [4]–[6]. For each record, the timestk of heartbeats
are mapped on the continuous cumulative phasesϕ(t) of the
respiratory signal, considering both, real and reconstructed
respiratory phases. Figures 3(a,b) show representative synchro-
grams for both cases, whereϕ(tk) mod 2π is plotted versus
tk. In case ofn:1 synchronization (i. e., ifn heartbeats occur
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Fig. 3. Examples illustrating the automated synchrogram method for real
[left] and reconstructed [right] respiration signals of the same subject during
the same period of time. Symbols in (a,b) show the instantaneous respiratory
phases at the time of the heartbeats. (c,d) means and standard deviations of
the phases, calculated in time intervals of lengthτ = 30s around each point
in the horizontal lines. (e,f) Phase points with a standard deviation larger
than the thresholdδ = 5 were deleted and then sequences shorter than the
thresholdT were also deleted. Red and green marked elements fulfill the
standard deviation criterion, but sequences in green beingshorter than the
minimal durationT are deleted. Note thatT must be slightly smaller for
reconstructed breathing [right], since the continuous segments are shorter.

within one breathing cycle) one observesn parallel horizontal
lines in the synchrogram [n = 3 in Figs. 3(a,b)]. In general,
to find different ratiosn:m of phase synchronization, we plot
Ψm(tk) = ϕ(tk) mod 2πm versustk.

While most earlier work relies on a visual evaluation of the
synchrograms [4], [6], we detect the episodes in a fully auto-
mated way. For each synchronization ration:m we first replace
then phase pointsΨm(tk) in eachm respiratory cycles by the
averagesΨm(tk) calculated over the corresponding points in
the time windows fromtk − τ/2 to tk + τ/2 [Figs. 3(c,d)]. In
the second step, the algorithm deletes all phase pointsΨm(tk)
where the mean standard deviation of then points in eachm
breathing cycles,〈σ〉n, is larger than2mπ/nδ. In the third
step, only the phase pointsΨm(tk) in uninterrupted sequences
of durations exceedingT seconds are kept [Figs. 3(e,f)]. Two
examples for the detection of higher order cardio-respiratory
synchronization are shown in Fig. 4.

A comparison of the detected synchronization rates in real
data and in surrogate data has been used to optimize the
parametersδ and T . We found thatδ = 5 and T = 30s [7]
and T = 25s are best for real and reconstructed respiration,
respectively. We note that changing the parameterδ has a
similar effect on the results as changingT . Our results do
hardly depend on the durationτ of the initial running average.

E. Deceleration Capacity

To study changes of cardio-respiratory phase synchroniza-
tion with the mortality risk of the patients we calculate
deceleration capacity (DC) byphase rectified signal averaging
(PRSA) [13], [14]. In the PRSA algorithm (i) anchors at
positionsξ are selected in the RRI signal(xi) for moderate de-
celerations (xξ−1 < xξ < 1.05xξ−1), and (ii) the surroundings
of each anchor are then averaged with respect to the anchor

Fig. 4. Higher order cardio-respiratory phase synchronization studied by the
automated synchrogram method form = 2 with marked phase-synchronized
episodes (red) versus time. Blue dashed lines mark the beginning and the end
of the synchronized episodes. In (a)6 : 2 = 3 : 1 synchronization is observed
while (b) illustrates a7 : 2 episode.

position ξ to obtain the PRSA signal̄x(i). DC is defined by
DC = 1

4

[

x̄(0) + x̄(1) − x̄(−1) − x̄(−2)
]

. DC ≤ 2.5ms was
associated with high mortality risk,2.5ms< DC ≤ 4.5ms with
intermediate risk, andDC > 4.5ms with low risk [13].

III. R ESULTS AND DISCUSSION

Comparing the two methods to reconstruct respiration from
ECG recordings we found that for a vast majority (approx.
94%, depending on the filter parameters) of post-infarctionpa-
tients a reconstruction based on R-peak amplitude outperforms
a reconstruction based on beat-to-beat time intervals [19]. This
implies that the cardio-respiratory coupling is rather character-
ized by peak-amplitude modulations than by frequency modu-
lations (RSA effects). Although, different ECG leads seem to
be optimal for a peak-amplitude based reconstruction of respi-
ration for different individuals, differences are negligible and
multi-lead ECG recordings are only necessary for applications
which require high reliability. We are convinced that ECG
based reconstruction of breathing is particularly interesting
for sports medicine applications or sports instruments used
for training purposes where belt measurements are disturbing,
e. g., portable monitoring devices used by cyclists, runners,
or alpinists to keep track of their own performance or to
avoid health-threatening events caused by overexertion and
overtraining. Moreover, there is an ongoing demand of more
portable sleep-monitoring systems which can be distributed
to a larger group of patients and controls at home enabling
statistically more reliable large scale studies.

Our results from studyingn:1 and n:2 cardio-respiratory
coupling, for each patient using real respiration and the
optimal breathing reconstruction are depicted in Fig. 5. The
figure shows the percentages of time with detected synchro-
nization; this corresponds approximately to the percentages of
heartbeats and the percentages of breaths with observed syn-
chronization. We find that the overall cardio-respiratory phase-
synchronization is systematically larger for reconstructed
breathing. However, the distribution is preserved. We suspect
this effect is caused by an ’additional harmonic denoising’of
the signals due to the methodology.

Table I lists the average percentages of synchronized time
for subgroups of patients and real respiration as well as recon-
structions from R-peak amplitudes and RR intervals. One can
see that the percentages of synchronized time hardly depend
on age except for a significant decrease in advanced age. This
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Fig. 5. Histograms of the ratios (percentages) of synchronized time for (a)
n:1 and (b)n:2 cardio-respiratory phase synchronization, comparing results
of real (black bars) and reconstructed (green bars) respiration in all subjects.

pattern is observed in the same way with similar significance
levels for real respiration and both types of reconstructed
respiration. Thus, also the absolute values are much larger
for reconstructed respiration, differences between the patients
and aging effects are well recovered. In general, the aging
effect seems to be stronger regardingn : 1 synchronization
than regardingn : 2 synchronization.

The second part of Table I shows that the percentages of
synchronized time are strongly correlated with DC, which
is a powerful predictor of mortality after myocardial infarc-
tion and is more accurate than LVEF and the conventional
measures of heart-rate variability [13]. Phase synchronization
can distinguish all three mortality-risk classes defined by
DC for both reconstruction methods. The low significance
levels in comparing the high-risk class (DC<2.5ms) and the
intermediate risk (2.5ms≤DC<4.5ms) class are due to the low
number of patients in these classes and the rare occurrence
of reliable phase-synchronization events. Therefore, if we
want to use phase-synchronization parameters to determinethe
individual risk for each patient longer recordings with more
synchronization episodes must be studied to get more reliable
synchronization percentages for each patient.

TABLE I
AGE AND DC DEPENDENCE OF CARDIO-RESPIRATORY PHASE

SYNCHRONIZATION FOR REAL RESPIRATION AND ITS RECONSTRUCTION

CHARACTERIZED BY THE PERCENTAGES OF TIME FORn:1 AND n : 2

SYNCHRONIZATION. PROBABILITIES OF EQUIVALENT MEANS IN EACH
SUBGROUP AND THE NEXT SUBGROUP EMPLOYING A T-TEST ARE

INDICATED BY SYMBOLS: p < 0.001 (‡), p < 0.01 (†), AND p < 0.03 (?).
AGES≥ 70YRS ARE COMPARED WITH< 50YRS , AND DC > 4.5MS WITH

0 < DC ≤ 2.5MS.

heartbeat vs. real
respiration

best R-peak
amplitude RR interval

box-filter [0.16Hz-0.51Hz] n:1 n:2 n:1 n:2 n:1 n:2

ag
e

[y
rs

]

< 50 4.0 3.4 9.3 9.2 3.9 3.7
50 − 59 4.0 2.9 9.5 8.7 3.8? 3.4
60 − 69 3.1† 2.5 8.1‡ 8.3 2.6? 2.8
≥ 70 2.0‡ 2.3? 5.7‡ 7.3? 1.8‡ 2.8‡

D
C

[m
s]

0<DC≤2.5 1.5? 2.1 3.9† 6.0 0.6‡ 1.5
2.5<DC≤4.5 2.2‡ 2.1‡ 5.8‡ 6.7‡ 1.2‡ 1.6‡

4.5<DC<12 4.5‡ 3.4† 10.9‡ 10.2‡ 4.4‡ 4.0‡

IV. CONCLUSION

We have investigated cardio-respiratory coupling using the
recently suggested automated synchrogram screening method
[7]. We found that a larger average phase synchronization
is observed for reconstructed respiration compared with real
respiration. Our results from comparing phase synchroniza-
tion to a mortality-risk related index indicate that a reduced
cardio-respiratory coupling correlates with high-mortality risk.
Hence, phase-synchronization might complement established
risk scores. However, the relatively short overall duration of
synchronous episodes (just a few percent of the total recording
time) shows that recordings longer than 30 minutes are needed
to derive actual risk predictors from phase-synchronization.
We are currently testing our hypotheses for24h recordings.
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1967; H. Passenhofer and T. Kenner,Pflügers Arch., 355:77, 1975; F.
Raschke, in:Temporal Disorder in Human Oscillatory System, edited
by L. Rensinget al.:pp. 152, Springer, Berlin, 1987.
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