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About the stability of phase-shifts between slow
oscillations around 0.1 Hz in cardiovascular and
cerebral systems
Gert Pfurtscheller∗ , Member, IEEE, Daniela S. Klobassa, Christof Altstätter, Günther Bauernfeind
and Christa Neuper

Abstract—One important feature of the baroreflex loop is
its strong preference for oscillations around 0.1 Hz. In the
present study, we investigated heart rate intervals, arterial blood
pressure (BP), and prefrontal oxyhemoglobin changes during 5
minutes rest and during brisk finger movements in 19 healthy
subjects. We analyzed the phase-coupling around 0.1 Hz between
cardiovascular and (de)oxyhemoglobin oscillations, using the
cross spectral method. The analyses revealed phase-shifts for
slow oscillations in BP and heart rate intervals between -10◦
to -118◦ (BP always leading). These phase-shifts increased
significantly (p < 0.01) in the movement session. The coupling
between cardiovascular and oxyhemoglobin oscillations was less
clear. Only 12 subjects demonstrated a phase coupling (COH2
≥ 0.5) between oxyhemoglobin and BP oscillations. This may
be explained by an overwhelming proportion of nonlinearity in
cardiovascular and hemodynamic systems.
The phase-shifts between slow cardiovascular and hemodynamic
oscillations are relatively stable subject-specific biometric
features and could be of interest for person identification in
addition to other biometric data. Slow BP-coupled oscillations
in prefrontal oxyhemoglobin changes can seriously impair
the detection of mentally induced hemodynamic changes in
an optical brain-computer interface, a novel non-muscular
communication system.
Index Terms—cardiovascular oscillations, heart rate, blood
pressure, oxyhemoglobin oscillations, near-infrared spectroscopy

I. I NTRODUCTION
LOW arterial blood pressure and heart rate oscillations
have been addressed in many studies. Rhythmic
fluctuations in the heart rate were described, for the first
time, by A. von Haller [1]. Mayer [2] was the first who
reported on slow waves in human blood pressure around
0.1 Hz (so-called Mayer waves; for review see Julien [3]).
The involvement of the baroreceptor reflex in the genesis of
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slow oscillations around 0.1 Hz was proposed by Guyton and
Harris in 1951 [4]. Important components of the baroreflex
loop are the baroreceptors, the cardiopulmonary receptors,
the cardiovascular nuclei in the brain stem and the heart.
Several simulation studies predicting Mayer waves have
been described [5]–[9] and showed that one important
feature of the baroreflex loop is its strong preference for
oscillations around 0.1 Hz, which can be seen as ”resonance”
or ”eigenfrequency” of the loop, and another feature is the
lead of blood pressure oscillations before beat-to-beat interval
(inverse of heart rate) oscillations.
Slow 0.1-Hz oscillations have been reported not only in
the blood pressure (BP) and heart rate (HR) [3], [7], [9]–
[11] but also in different cerebral signals, such as oxygen
availability of cortical tissue, cerebral blood flow velocity,
oxyhemoglobin changes, full-band EEG and cerebrospinal
fluid [12]–[21]. The relationship between intrinsic 0.1-Hz
oscillations in the resting brain and in the cardiovascular
system deserves special attention, because the identification
of the mechanism underlying the generation of these slow
oscillations in central and autonomous systems is still elusive.
Two theories have been proposed to explain the generation of
0.1-Hz oscillations: First, the generation of slow oscillations
as resonance phenomenon of the baroreflex loop [7], [9],
[10] and second, independently of baroreceptor influences
probably as result of central oscillators. From a series of
observations in anesthetized animals, we know that central
oscillators may contribute to the generations of oscillations
around 0.1-Hz (pacemaker theory; for details see [3]).
Of interest is the mutual interaction between brain and heart.
Recently, Thayer and Lane [22] made a review starting
with the work of Claude Bernard over 150 years ago about
the physiology of heart-brain connections and discussing
the pathways via which the prefrontal cortex can control
cardiac activity. From non-human animal research, we have
evidence that cortical systems, especially including the
medial-prefrontal cortex act, as a network together with
subcortical systems (known as ”central autonomic network”)
to initiate and represent cardiac autonomic adjustments [23],
[24]. Further insight in the brain-heart connections may be
obtained when the phase coupling between slow fluctuations
in cardiovascular and central autonomic networks through
analysing blood pressure time series and (de)oxyhemoglobin
(Hb, HbO2 ) recordings at optodes placed over the prefrontal
cortex.
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We hypothesized that cyclic finger movements at the
resonance frequency of the baroreflex loop (∼0.1 Hz)
would have an impact on the strength of phase coupling
between slow oscillations in cardiovascular (BP, beat-to-beat
intervals) and hemodynamic (HbO2 ) systems and involve
linear or nonlinear system components. In the former case
the coherence may have a large value as a measure of
linearity; the opposite would be true in the latter case [8],
[17], [25]–[27].
Cyclic brisk finger movements are accompanied by two
responses, the heart rate response and the blood pressure
response. First, ”central commands” [22], [28], which
impinge upon brainstem cardiovascular nuclei induce cardiac
slowing [29], [30] and efferences from motor cortex innervate
the somatic musculature. Second, the reafferent input from
kinaesthetic receptors evoked by the movement elicits changes
in blood pressure known as ”exercise pressure response” [31]
and accounts for a cardiac acceleration. Finger movements
are also accompanied by changes in motor cortex excitability
associated to pre-movement negative potential shifts [32] and
pre-movement EEG desynchronisation [33] both of frontal
cortex origin.
Knowledge about the incidence of slow fluctuations in cerebral
oxy- and deoxyhemoglobin changes is very important for
developing a near-infrared spectroscopy (NIRS)-based
brain-computer interface (BCI) [34]–[36]. Such an optical
BCI is a new non-muscular communication and control
system that directly measures (de)oxyhemoglobin changes
associated with the user’s intent and transforms the recorded
signal into a control signal [37], [38]. Mentally elicited
(de)oxyhemoglobin changes (e.g. through mental arithmetic
or motor imagery [39], [40]) have a small magnitude and
are often hidden in slow spontaneous (de)oxyhemoglobin
fluctuations. For classification approaches it is essential to
improve the signal-to-noise ratio and to decrement false
classifications which occur primarily due to misclassification
of physiological noise [41]. Regardless of the improvement
of the signal-to-noise ratio it is of general interest to know
how the couplings are distributed in a normal population.
The most common biometric method of person identification
is through finger prints. This method is however not always
secured enough and therefore it becomes important to find
other biometric methods to replace or augment the fingerprint
technology as e.g. by recording and analysing signals from
the brain (EEG) and heart. While bioelectric signals from
the brain have already been used as biometric measures for
person identification [42]–[47], the use of cardiovascular
features is relatively novel. It has already been shown that
electrocardiogram (ECG) traces exhibit features that are
unique to an individual and may be suitable as biometric
measure [48]–[50]. While these identification methods rely
only on the ECG signal, it is of interest whether the common
analyses of ECG and blood pressure signals reveal also
biometric information, especially when phase-shifts of slow
oscillations are considered. Reproducible and stable phase
shift measures could be one additional feature in a battery of
biometric measures from brain and heart signals.
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The present study aims to answer the following questions:
• Does a difference exist in the strength of phase-coupling
between beat-to-beat fluctuations of arterial blood
pressure and heart rate intervals during rest and cyclic
finger movements?
•

How many subjects display slow arterial blood pressurecoupled prefrontal (de)oxyhemoglobin fluctuations
around 0.1 Hz?

•

Are phase-shifts measures between 0.1 Hz oscillations
in beat-to-beat heart rate intervals, blood pressure and
(de)oxyhemoglobin suitable as biometric measures?

II. METHODS
A. Sample
Twenty-six naive subjects (12 male, 14 female) aged 19 to
31 years (23 ± 2.8, mean ± SD) participated voluntarily in
the present study. All subjects were right-handed (EdinburghHandedness-Inventory (EHI) [51]), had normal or corrected
to normal vision and were seated in a comfortable armchair
for the experiments. All experiments were in compliance
with the World Medical Association Declaration of Helsinki.
The protocol was approved by the Ethics committee of the
Medical University of Graz and the subjects gave informed
written consent before the experiments.

B. Experimental paradigm
The study consisted of different sessions, namely data
recording during rest, during self-paced brisk finger
movements, periodic cued finger movements and cued
finger movements in random intervals. Part of the data about
self-paced movements has been published recently [52].
Here we report data from initial 5-minute recording periods
during rest (labelled ”rest”) and two sessions with 40 cued
brisk finger movements, one with periodically presented
cues (labelled ”EF1”) and one with randomly presented cues
(labelled ”EF2”). From the 5-min blood pressure recording
during rest, the power spectrum was estimated. When one
dominant peak was found in the power spectrum between 0.07
and 0.13 Hz, it was interpreted as the ”eigenfrequency” of the
cardiovascular system. In the case of periodical stimulation
(EF1) the inter-stimulus was equivalent to the subject-specific
peak frequency. The intervals between randomly presented
cues (EF2) varied between 9 and 23 seconds. For further
details see [52].
After inspecting the data, five subjects were eliminated due
to high blood pressure, irregular respiration, extra ventricular
contractions, or recording artefacts. Two of the remaining 21
subjects were eliminated because of optode problems during
the NIRS recordings. The data from 19 subjects (aged 23 ±
2.9 years; mean ± SD) are reported. HR and BP data are
summarized in Table I.
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C. Data recording and processing
For this study, we analyzed the ECG recorded bipolarly
at electrodes placed on the thorax (filter setup: 0.5-100 Hz),
the BP and the respiration. All of these signals were sampled
at a frequency of 500 Hz. For BP recording, a continuous
non-invasive monitoring system (CNAPT M Monitor 500, CNSystems, Austria) was used. Data were recorded from the
proximal limb of the index or middle finger. The respiration
patterns were obtained by using a respiratory sensor (Respiratory Effort Sensor, Pro-Tech Services Inc., filter setup:
0.1-100 Hz). (De)oxyhemoglobin fluctuations were recorded
with a custom made one-channel, continuous wave method
based NIRS system (for details see [34]). The sources and the
detector were placed over the frontal cortex 1.5 cm to the left
and right of position FP1 according to the international 10/20
system for EEG recording [53]. A fifth-order Butterworth
filter with a cut-off frequency of 0.9 Hz was used to remove
variability due to the cardiac cycle. After detection of the
beat-to-beat intervals (RRI) in the ECG signal (based on an
algorithm using a filter bank to decompose the ECG signal
into various subbands), the intervals were linearly interpolated,
resampled at 2 Hz, and displayed as RRI time series. From
the arterial blood pressure recording, the systolic (BPsys) and
diastolic (BPdia) pulse pressure amplitudes were extracted,
linearly interpolated, resampled at 2 Hz, and displayed as
BPsys and BPdia time series. Power spectra were estimated
for all signals after subtraction of the mean over all samples.
Recording time of all variables varied, depending on the
task between 5 min (rest), 8 min (EF1, cyclic movements)
and 15 min (EF2, randomized movements). For all spectra
calculations, 1024 samples were used. The spectral values
were smoothed using a 31-point triangular window, and crossspectra were calculated between all variables ( [54]; for details
see De Boer et al. [10], [11]). After an automatic search for
the largest peak in the cross-spectrum in the range 0.07 0.13 Hz, the corresponding coherence (COH2 ) and phase-shift
(PHA) values were determined. When no peak was found in
the indicated range, the frequency was set to 0.1 Hz. Examples
of time series and cross spectra (coherence and phase) from
two representative subjects are displayed in Fig. 1.

D. Statistics
Statistical analysis contained a Shapiro-Wilk test for testing
normal distribution of the data and paired sample t-tests
for evaluating differences in phase shifts and time delays.
All relevant data were normally distributed. Because of
multiple comparisons, the Holm-Bonferroni method was used
for alpha adjustment to reduce the probability of a Type I
error. Pearson’s product moment correlation was used for
evaluating possible relations between phase shifts in the
different conditions.

Fig. 1. Beat-to-beat time series (200 s) and spectra from 2 representative
subjects (one with a large phase shift between blood pressure and HbO2 (A)
and one with a small phase shift (B)). Upper panels: Time series of BPdia
(mmHg), RRI (ms), HbO2 (mM*mm) and respiration (a.u.) during rest. Lower
panels: Phase- and coherence spectra from RRI and BPdia time series (left
side) and from HbO2 and BPdia time series (right side). The automatically
determined frequency, phase and coherence values are indicated by vertical
lines.

III. RESULTS
A. Phase-shifts between slow BP and RRI oscillations around
0.1 Hz
Fig. 1 shows two representative examples of BPdia, RRI,
HbO2 and respiration signals recorded during rest (upper
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TABLE I
HR AND BP DATA

Fig. 2. Display of phase-shifts between slow RRI and BPdia oscillations (0◦
to -180◦ ) for all 19 subjects for the sessions rest, cyclic (EF1) and randomized
movements (EF2). Subjects are ordered according to the size of phase-shifts
during rest.

HR
(bpm)

BPsys
(mmHg)

BPdia
(mmHg)

Rest

71.9 ± 4.8

111.5 ± 4.3

70.2 ± 2.6

EF1

70.1 ± 4.4

112.5 ± 4.2

71.3 ± 3.1

EF2

70.2 ± 4.3

111.6 ± 4.5

70.1 ± 2.9

Mean values (± SD) of HR (bpm), BPsys (mmHg) and
BPdia (mmHg) of 19 subjects for rest, periodic (EF1)
and randomized movements (EF2).
TABLE II
P HASE - COUPLING BETWEEN RRI, ARTERIAL BP AND H B O2

panels) and the corresponding phase- and coherence spectra
between RRI vs. BPdia and HbO2 vs. BPdia (lower panels).
One subject (Fig. 1A) displayed oscillations at 0.09 Hz with
a large phase shift between HbO2 and BPdia while the other
subject (Fig. 1B) displayed oscillations with a frequency at
0.08 Hz and a small phase shift between HbO2 and BPdia.
Remarkable in Fig. 1 are the relatively similar phase shifts
for cardiovascular oscillations in both subjects (between RRI
and BPdia: -62◦ and -86◦ ) and the quite different phase
shifts (-166◦ and -46◦ ) between HbO2 and BPdia oscillations.
The mean ± SD values for phase-coupling between arterial
BP and RRI oscillations at ∼0.1 Hz for all 3 sessions are
summarized in Table II. For example, a strong phase-coupling
(COH2 = 0.69 ± 0.17; mean ± SD) was found during rest
not only for slow oscillations in BPdia and RRI (PHA = -82◦
± 21◦ ) but also for oscillations in BPsys and RRI (COH2 =
0.68 ± 0.18; PHA = -35◦ ± 18◦ ). Only one subject displayed
a weak coupling (COH2 < 0.5).
The analysis of phase shifts between slow blood pressure
and RRI oscillations revealed not the expected significant
stronger but only a tendency to a slightly stronger (p = 0.051)
phase coupling during cyclic finger movements (COH2 =
0.75) when compared to rest (COH2 = 0.69). The phase
shifts between RRI and BPdia, and between RRI and BPsys
oscillations, were significantly larger (p < 0.01) in the
cyclic movement session compared to rest (-93◦ to -81◦ and
-51◦ to -35◦ , respectively). The phase-shift variations over
all subjects are visualized in Fig. 2. Also, the time delays
between RRI and BPsys oscillations were significantly longer
(p < 0.05) during cyclic movement (-1.54 s) compared to the
rest (-0.99 s). The correlation values across subjects between
the different phase-shifts and sessions (rest, cyclic movement)
are indicated in Fig. 3.

B. Phase-shifts between slow BP and
(de)oxyhemoglobin oscillations around 0.1 Hz

prefrontal

In detail, the phase coupling between following time series
were estimated for the sessions rest, cyclic and randomized

RRIBPsys

RRIBPdia
(N = 19)

HbO2 BPdia
(N = 12)

Rest
Frequency (Hz)
COH2
Time delay (s)
Phase shift (◦ )

0.10 ± 0.01
0.68 ± 0.18
-0.99 ± 0.51
-35 ± 18

0.10 ± 0.02
0.69 ± 0.17
-2.35 ± 0.81
-81 ± 21

0.10 ± 0.02
0.66 ± 0.15
-1.49 ± 1.31
-55 ± 46

EF1
Frequency (Hz)
COH2
Time delay (s)
Phase shift (◦ )

0.10 ± 0.01
0.68 ± 0.23
-1.54 ± 0.88
-51 ± 24

0.10 ± 0.01
0.75 ± 0.15
-2.77 ± 0.92
-93 ± 23

0.09 ± 0.01
0.54 ± 0.25
-1.66 ± 1.37
-56 ± 47

EF2
Frequency (Hz)
COH2
Time delay (s)
Phase shift (◦ )

0.10 ± 0.01
0.64 ± 0.19
-1.51 ± 0.96
-49 ± 25

0.09 ± 0.02
0.69 ± 0.16
-2.88 ± 1.04
-92 ± 22

0.10 ± 0.01
0.52 ± 0.20
-1.62 ± 1.12
-56 ± 36

Left: Frequency (Hz), coherence (COH2 ), time delays (s)
and phase shift (◦ ) (mean ± SD) calculated for RRI and
BPsys, and RRI and BPdia oscillations around 0.1 Hz for
rest, EF1 and EF2.
Right: Frequency (Hz), coherence (COH2 ), time delays (s)
and phase shift (◦ ) (mean ± SD) between HbO2 and BPdia
oscillations around 0.1 Hz for 12 selected subjects (COH2
≥ 0.5) during rest.

movements (in parenthesis, following the names of the two
time series, the number of subjects with a COH2 ≥ 0.5 during
rest are indicated): HbO2 vs. BPdia (12 subjects), HbO2 vs.
RRI (6), HbO2 vs. BPsys (5) HbO2 vs. Hb (10), Hb vs. BPdia
(6), Hb vs. RRI (7) and Hb vs. BPsys (5). The best results
involved HbO2 and BPdia: 12 out of 19 subjects showed a
COH2 ≥ 0.5 during rest with COH2 = 0.66 ± 0.15 (mean
± SD) and a relative variable phase-shift of PHA = -55◦
± 46◦ documenting that the phase-shift between HbO2 and
BPdia (with BP leading) was varying between -1◦ and -167◦
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Fig. 4. Display of phase-shifts between HbO2 and BPdia oscillations (0◦
to -180◦ ) for 12 selected subjects (COH2 ≥ 0.5 during rest) for the sessions
rest, EF1 and EF2. Subjects are ordered according to the size of phase-shifts
during rest.

Fig. 5.
Examples of vector diagrams from rest (lower diagrams) and
movement sessions (upper diagrams) from 3 characteristic subjects. One with
a large phase shift between BPdia and HbO2 (left vector diagrams), one with a
medium phase shift (right diagrams) and one with a small phase shift (middle
diagrams). Phase-differences between BPdia and RRI are indicated by ”dark
grey” and between HbO2 and BPdia by ”bright grey”. BPdia leads always
RRI and Hb leads always HbO2 oscillations around 0.1 Hz.

C. Visualization of phase-shifts in form of subject-specific
vector diagrams
Fig. 3. Scatter plots displaying significant correlations between phase shifts
during rest and during cyclic movements (EF1). The larger the phase shift
between RRI and BPdia (A) respectively, RRI and BPsys (B) and RRI and
HbO2 (C) during rest, the larger the phase shift during cyclic movement, and
vice versa. In addition, the line of best fit and a 95% confidence interval are
plotted in the diagrams.

(see also Fig. 4). These phase-shifts were reproduced in the
movement tasks. The following correlations were obtained:
r = 0.85 (p < 0.01) for phase-shifts between rest and cyclic
movements (Fig.3) and r = 0.91 (p < 0.01) between rest
and randomized movements. These findings of the great
intersubject variability of phase-shifts and the high correlation
between recordings during rest and finger movement suggest
that the phase-coupling between HbO2 and BPdia may be
one suitable feature for biometric identification. Of interest is
also that 12 out of 19 subjects displayed a COH2 ≥ 0.5 for
coupling between HbO2 and BPdia time series, but only 5
subjects for coupling between HbO2 and BPsys time series.

Vector diagrams were constructed for a better visualization
of the individual phase-differences in the resting state and
during cyclic finger movements. The vector diagrams of three
different subjects are displayed in Fig. 5. Of interest are the
different ”resonance” frequencies between 0.08 Hz and 0.10
Hz, the difference in phase-shifts between subjects and the
relative similarity of the phase-shift differences in the rest
and movement sessions in all three subjects.

IV. DISCUSSION
A. Phase-coupling between slow arterial BP and RRI oscillations around 0.1 Hz
Abrupt decreases and increases in systolic arterial
blood pressure produce baroreflex-mediated shortening and
lengthening, respectively, of the beat-to-beat interval [55]
and slow fluctuations in arterial pressure result in subsequent
changes in beat-to-beat intervals in the same direction. The
phase-shifts found during rest were -35◦ ± 18◦ between RRI
and BPsys oscillations and -81◦ ± 21◦ between RRI and
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BPdia oscillations around 0.1 Hz. Relationships between slow
BP and RRI oscillations have been reported by cross spectral
analyses [10], [11], [56]. The former reported a phase shift
of 60◦ for the lead of systolic BP to RRI fluctuations and a
phase shift of 90◦ for the lead of diastolic BP fluctuations
and the latter a phase shift between -30◦ and -50◦ for BPsys
and RRI oscillations in the range 0.07 - 0.13 Hz.
The expected higher phase coupling in all subjects during
cyclic movement was not fulfilled. There was only a trend to
a higher phase coupling but the increase of coherence reached
not significance. In the case of a dominantly linear process,
a coherence value close to 1.0 can be expected. Notably,
during rest, no subject displayed a COH2 > 0.9, while during
cyclic movement, 4 subjects reached a COH2 > 0.9. In some
subjects, however, the coherence (actually COH2 ) was also
close to 0.5 during cyclic movement. This gives support to
the notion that some components in the cardiovascular system
are not linear [25], and these components vary from subject
to subject. In contrast to the strength of phase coupling, the
phase shift was significantly larger between slow oscillations
in BPdia and RRI as well as BPsys and RRI during cyclic
movement compared to rest. It is well-known that under such
circumstances (cyclic movements), physiological oscillations
may be entrained to behavioural responses and due to the
latency (delay) of the BP response in the range of up to 6 s
[57] and the pre-movement cardiac slowing [30], [52], [58]
an additional time delay is introduced and the phase shift is
enlarged.

B. Slow BP-coupled oscillations around 0.1Hz in prefrontal
(de)oxyhemoglobin
The present study has used cross correlation technique in
normal subjects to investigate whether slow HbO2 oscillations
around 0.1 Hz are related (phase-coupled) to arterial BP
oscillations. In only 64% of the subjects, phase-coupled HbO2
and BP oscillations were found. The mean coherence during
rest was 0.66 ± 0.15 (mean ± SD), and the mean phaseshift was -55◦ ± 46◦ . Similar numbers were found during
movement (see Table II). The high standard deviation around
40◦ in all sessions can be explained by the phase shifts varying
between ∼zero (slow HbO2 and BP oscillations are in-phase;
for examples, see Fig. 1B and Fig. 5 middle panel) and
∼180◦ (slow oscillations are out-of-phase; for examples, see
Fig.1A and Fig. 5 left panel) during rest but also in movement
sessions. This is a novel finding and can be interpreted that
in each subject a specific ”wiring” exists within and between
baroreflex loop and central autonomic networks. No significant
phase shift changes were observed during cyclic or randomized
movement compared to rest.
The reason for this relatively small number of phase-coupled
HbO2 and BP oscillations could be the overwhelming proportion of nonlinearity in cardiovascular and hemodynamic
systems [8], [17], [25]–[27]. In all cases, the BP oscillations
lead HbO2 oscillations. These results suggest that, at least
in some subjects, in addition to intrinsic hemodynamic oscillations, BP-coupled oscillations can also be found in the
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brain. Besides the NIRS technique, the transcranial Doppler
(TCD) sonography technique can help to study the relationship
between slow oscillations in the cerebral and cardiovascular
systems. It is widely accepted that cerebral blood flow velocity
(CBFV) as measured by TCD is proportional to the blood flow
through insonated vessels and suitable to provide information
about cerebral autoregulation [14]. Diehl et al. [59] reported
a phase-shift between arterial BP and CBFV of 71◦ ± 30◦
(mean ± SD) in normal subjects. At this time it is not
clear which relationship does exist between slow BP-coupled
HbO2 and CBFV oscillations. TCD measures the velocity
(CBFV) of blood flow in the middle cerebral artery, whereas
NIRS measures an averaged tissue concentration (HbO2 ) in
the illuminated region which consists of arterial, arteriolar,
capillary and venous flow. An isolated increase of cerebral
blood flow will lead to an increase in HbO2 and a decrease in
Hb, while an isolated increase in cerebral blood volume leads
to an increase in both HbO2 and Hb [60].
The stronger phase coupling between HbO2 and BPdia on
the one side, and the weaker coupling between HbO2 and
BPsys on the other, is unexpected and needs explanation. One
reason could be that slow BPdia changes are clearly leading
BPsys changes (see Table II and Fig. 5) and therefore also the
BPdia may be seen as the driving force for slow HbO2 oscillations. Another reason could be the physiologically plausible
relationship between successive blood pressure values and
RR intervals and respiratory variations: The diastolic pressure
values depend mainly on the preceding diastolic pressure
values and are minimally influenced by respiration; the BPsys
is linearly related to RR intervals and strongly modulated by
respiration (see models for the baroreflex loop [7], [11]). The
more stable behaviour of diastolic pressure values could be
also a reason for the stronger coupling between HbO2 and
BPdia compared to HbO2 and BPsys.
V. CONCLUSION
Two points are of interest. First, in about 60% of the
subjects, clear BP-coupled HbO2 oscillations around 0.1 Hz
were observed in the NIRS signal recorded over the prefrontal
cortex. These oscillations can be seen as physiological noise
[41] when an optical brain-computer interface (BCI) is
realized. They can be removed e.g. by the use of a transfer
function model [61]. The prefrontal cortex is of special
interest because the optodes can be easily attached there
[34], [35] and because the user‘s intent is accompanied
by the activation of prefrontal networks [62]. Such optical
BCIs with optodes placed over the prefrontal cortex might
be suitable for use at home or work and can be realized
as brain switch either alone or in combination with an
EEG-based BCI [34], [35], [63], [64]. Second, phase-shifts
between slow arterial blood pressure, heart rate beat-to-beat
intervals and oxyhemoglobin oscillations are relatively stable,
subject-specific and similar during rest and movement. This is
an interesting observation, but it is still unclear if measures of
the ”eigenfrequency” of slow cardiovascular oscillations and
phase shifts between cardiovascular and cerebral oscillations
around 0.1 Hz are suitable biometric features for person
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identification (even in combination with other biometric
data). Further research is needed, especially to investigate
the reproducibility and long-term stability of these parameters.

A PPENDIX
L IST OF ABBREVIATIONS
BCI: Brain-computer interface
BP: Blood pressure (non-invasive recorded continuous
signal)
BPsys:Systolic BP amplitude
BPdia:Diastolic BP amplitude
CBFV:Cerebral blood flow velocity
COH2 :Coherence squared
ECG: Electrocardiogram
EF1: Session with periodically presented cues
EF2: Session with randomly presented cues
EHI: Edinburgh- Handedness-Inventory
HR: Heart rate
Hb: Deoxyhemoglobin
HbO2 : Oxyhemoglobin
NIRS: Near-infrared spectroscopy
PHA: Phase-shift
RRI: Beat-to-beat interval
TCD: Transcranial Doppler sonography
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