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Abstract

Baroreflex sensitivity (BRS) measures the rate of
changes in inter-beat time intervals (RR) with respect to
changes in blood pressure (BP). Recently, Bivariate Phase-
Rectified Signal Averaging (BPRSA) was proposed as pos-
sible BRS estimator and was compared with the validated
sequence method (SM). However, the two methods differ
substantially, questioning whether BPRSA might be con-
sidered as an estimator of BRS. In this study, we investi-
gated the role that the coupling between RR, BP and respi-
ration has on BRS estimates provided by BPRSA and SM.
Multivariate autoregressive models (MVAR) were fitted to
the data of 10 healthy subjects that underwent a tilt test.
MVAR models were then used to generate synthetic sig-
nals while artificially varying the coupling between RR,
BP and respiration. Both BPRSA and SM provided higher
BRS values during supine with respect to head-up phase.
Computerized simulations showed little influence of the
coupling between respiration and RR on both estimators,
whereas a major difference appeared when the coupling
between BP and RR was removed. Then, BPRSA almost
vanished, while SM increased of about 10%, regardless
the phase. In conclusion, BRS estimates using BPRSA
were highly dependent on the coupling between BP and
RR, while SM resulted in more stable estimates.

1. Introduction

The baroreflex (BR) mechanism is responsible in main-
taining homeostasis of blood pressure in response to in-
ternal and external perturbations, by modulating the heart
rate. The rate of change between inter-beat time intervals
(RR) and blood pressure, i.e., the BR sensitivity (BRS),
was found clinically relevant (e.g., [1]). Numerous are
the techniques aiming to quantify BRS, with the sequence
method (SM) being one of the most used and validated al-
gorithm. Briefly, SM identifies increasing (or decreasing)
ramps, concurrently occurring in both RR and blood pres-
sure series, and then it quantifies the slope between RR and
blood pressure values belonging to the ramps.

Recently, Schumann et al. [2] proposed an extension of
the Phase-Rectified Signal Averaging (PRSA) technique
[3] capable to deal with two signals concurrently mea-
sured. This technique is called Bivariate PRSA (BPRSA)
and splits the identification of the anchor points and the
synchronous averaging on two different signals, i.e., an-
chor points are located on the trigger signal while the aver-
aging is performed on the target one, synchronously to the
anchor points. Bauer et al. [4] proposed to use BPRSA to
quantify BRS from RR and systolic blood pressure (SBP)
series and found that it was an independent predictor of
death in a cohort of heart failure patients.

Despite the importance of the study, Castiglioni et al.
[5] questioned whether what computed through BPRSA
might be considered an estimated of BRS. The main two
criticisms were the following. First, sensitivity is defined
as ratio of the variations in RR and SBP, while BPRSA
does not consider variations of the latter in the estimate of
BRS. Second, the anchor points are solely defined on the
SBP series, thus likely averaging RR values on events syn-
chronous with the SBP but not related with the baroreflex.

Interestingly, Müller et al. [6] repeated the study of
Bauer et al., after normalizing the BRS estimated, obtained
through BPRSA, by the average increase in the SBP series
at the anchor point. This normalization tackled properly
the first criticism and obtained substantially the same pre-
dicting power in the same cohort.

In order to shed some light on the second criticism,
we quantified the BRS using both SM and BPRSA on
synthetic data generated by multivariate autoregressive
(MVAR) models, comprising of RR, SBP and respiration
series. The main rationale was that, as suggested by Cas-
tiglioni et al., a third component, i.e., the respiration, with
different levels of coupling with RR and SBP, may alter
what BPRSA captures with respect to SM. In addition, we
studied the case resembling the lowest level of coupling
possible, in which the RR and SBP were statistical inde-
pendent, by quantifing the BRS through SM and BPRSA.
In this regard, for one of the variants of SM, we derived a
closed-form solution of the BRS, specifically when RR and
SBP were modeled with two independent White Gaussian
Noises (WGN).
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2. Methods

2.1. BRS estimation using SM and BPRSA

Both SM and BPRSA make use of two time series x(k)
(SBP, the trigger) and y(k) (RR, the target), where k is the
time index.

Different implementations of the SM algorithm are
available [7, 8]. In this work, we used the global SM pro-
posed in [8]. Briefly, we first identified all the ramps oc-
curring in both trigger and target signals. Ramps were de-
fined as strict increases. Second, from each sequence iden-
tified its average was subtracted. Third, the global BRS
was computed as the slope estimated by all pairs of points
(x(k), y(k)) with k spanning all the samples belonging to
the ramps. We restricted the computation only to ramps
lasting for four samples.

The BPRSA algorithm is composed of two steps [2].
First, anchor points associated to signal increases are iden-
tified on the trigger series x(k) and inserted in the anchor
points’ list. A time index k is defined as anchor point when
the sum x(k) + · · ·+ x(k + T − 1) is larger than the sum
x(k − T ) + · · · + x(k − 1). Second, all the windows of
2L elements centered on each anchor point on the target
series y(k) are aligned (anchor points are located at the po-
sition of the L+1 sample) and then averaged. The wavelet
transform of the BPRSA series is then used to quantify the
average increase. Previous works [6, 9] quantified BRS by
using T = 1 and a Haar wavelet of order 2, and normal-
ized the quantity by the average SBP increase at the anchor
point.

2.2. Dataset and signal extraction

We used data from the “Physiologic Response to
Changes in Posture” dataset, freely available on Physionet
[10, 11]. Briefly, single lead ECG and continuous blood
pressure from 10 healthy subjects were measured during
a tilt test. The protocol was composed of six phases in-
cluding two slow tilts, two rapid tilts, and two standing-
up maneuvers. Each phase lasted three minutes and was
separated by the following one by five minutes of resting
supine. The order of the phases was randomized.

In this study, we considered only signals in proximity to
the first rapid tilt (75◦ tilt in 2 s) of each subject, since such
tilt proved to cause evident variations on both heart rate
and blood pressure [11]. In particular, we extracted two
segments of two minutes. The first one was immediately
prior to the rapid tilt while resting supine and the second
one during the last two minutes after the rapid tilt.

Both RR and SBP series were extracted from the given
signals (sampling rate of 250 Hz). In particular, for the k-
th beat, RR(k) was defined as the time interval between
the k-th beat and its preceding one, while SBP(k) as the

maximum blood pressure value identified in the same in-
terval. RR values above 1500 ms were considered artifacts
and substituted with linear interpolation.

From the single lead ECG available, we derived the
respiration rate series RESP(k) using the procedure de-
scribed in [12]. Briefly, the area of the each QRS complex
in a 50 ms window centered on the R peak was computed
for each beat. Then, an autoregressive (AR) model was
fitted on this sequence on windows of 20 s with a step of
5 s, and the pole associated the slowest rate and a certain
minimum magnitude, located between 12 and 25 breaths
per minute, was identified as respiration rate. Linear inter-
polation was used to have an estimate for each beat.

Very low frequency components were removed from the
three series using a high pass filter (3rd Butterworth filter,
zero phase, cut-offs: 0.04 Hz, 0.025 Hz, and 12 breaths per
minute for RR, SBP and RESP, respectively).

2.3. Experiments

Three experiments were carried out. First, we computed
BRS using the two methodologies reported in sec. 2.1 on
the dataset considered. The aim of this experiment was
to verify that the change observed in blood pressure and
heart rate from supine to head-up phase changed BRS as
well. This verification was preparatory for the subsequent
experiments.

Second, we investigated on the behavior of the two
methodologies when applied to two independent WGN.
To do so, we applied SM and BPRSA on two independent
WGN having variances equal to those measured on the RR
and SBP series of each subject. For the global SM, BRS
was computed using the theoretical formulation derived in
sec. 2.4, while for BRSA, two sequences of 100000 sam-
ples were generated and used to guarantee the convergence
of the estimator.

In the third experiment, we quantified the percent vari-
ation of BRS after removing the coupling between i) SBP
and RR; and ii) RESP and RR. With this goal, we mod-
eled RR, SBP and RESP of each subject during supine and
head-up using a MVAR model of order 5 [13], Then, we
generated synthetic signals of 100000 samples in three dif-
ferent conditions: i) using the full MVAR model; ii) setting
to zero the coefficients linking RR and SBP; and iii) setting
to zero the coefficients linking RR and RESP. Series were
rescaled to have the variance observed on the real data.

2.4. Theoretical value of the global SM

In this section, we derive the output of the global SM
described in [8], applied to two independent WGN x and
y for sequences of four consecutive samples. Such se-
quences can be modeled using two random vectors X =
[x1, x2, x3, x4]

ᵀ and Y = [y1, y2, y3, y4]
ᵀ with zero mean
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Figure 1: (a) BRS computed using the global SM and BPRSA. S and RT stand for resting supine prior the tilt and rapit tilt
phase, respectively. Red dots refer to the BRS computed on WGN. Of note, dots for the global SM were computed using
(2). (b) Average and 95th confidence interval of the estimate m̂ (black error bar) and the theoretical value m (red dashed
line), while varying the number of samples N (logarithmic scale). Each error bar contains 1000 independent estimates.
σx = 5 and σy = 50. (c) and (d) Percentage of variation on BRS for both global SM and BPRSA, when the coupling
between SBP and RR, and RESP and RR were removed.

and standard deviations σx and σy . The joint probability
density function is a modified Multivariate Gaussian Dis-
tribution, adapted to handle ramps by restricting the space
spanned by (X,Y ). In this particular condition, the joint
probability becomes

p(x1, x2, x3, x4, y1, y2, y3, y4) =

=
576

(σxσy)4

4∏
i=1

φ

(
xi
σx

)
φ

(
yi
σy

) 4∏
j=2

1xj−1>xj
1yj−1>yj

where φ(z) is the standard normal distribution, 1c is the in-
dicator function with a condition c, and the constant value
576 forces the area under p to be 1. Indeed, the probabil-
ity of having a ramp on any of the two series was 1/24.
Therefore, the normalizing factor was 242 = 576.

The global SM determines the slope of the line, esti-
mated using the least square approach, from the scatter plot
of all pairs (xi, yi) for i ∈ {1, 2, 3, 4} associated to ramps,
after removing their mean values. Least square estimation
in the probabilistic form can be obtained by minimizing

the following function

ε =

4∑
i=1

∫
xi

∫
yi

(ỹi −mx̃i − q)2 pdxidyi
(1)

where m is the slope to be estimated, q is the intercept
of the linear model, x̃i = xi − x1+x2+x3+x4

4 , ỹi =

yi − y1+y2+y3+y4
4 , whereas p is the joint probability den-

sity function of all the eight variables, respectively.
It is possible to show that the slope that minimizes (1) is

m =
(
A2 +B2

)(σy
σx

)
≈ 0.7652

(
σy
σx

)
(2)

where A = 2
√
6

π
√
π
tan−1(

√
2) and B = 2

√
6√
π
−

6
√
6

π
√
π
tan−1(

√
2). Figure 1 reports an example of slope

estimate m̂ using the global SM and its theoretical value
m for σx = 5 and σy = 50, computed using (2), while
varying the number of sample N . The intercept becomes
q = 0.
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3. Results

Global SM and BPRSA were able to distinguish the
supine phase from the head-up one after rapid tilt (Fig. 1a),
with higher BRS estimates during the former phase. BRS
estimates obtained using the global SM were higher than
those of BPRSA in both phases (Fig. 1a).

When global SM and BPRSA were applied to WGN,
they led to different behaviors. On one hand, BPRSA es-
timates converged to zero (red dots in Fig. 1a). On the
other hand, global SM values were proportional to the ra-
tio of the standard deviations of RR and SBP, as predicted
by (2).

The effect on BRS of the coupling between RR and SBP
was larger with respect to the one between RR and RESP
(Fig. 1c-d). For the former case, BRS computed using
BPRSA almost vanished (Fig. 1d), while the global SM
had an average increase of about 10%. No substantial dif-
ference were found between supine and head-up phases for
both global SM and BPRSA.

4. Discussions

BRS values during resting supine were found higher
than those during head-up, as expected when using SM [5].
Interestingly, BRS estimated using BPRSA had the same
trend but on a different scale (Fig. 1a). This effect might
be what speculated by Castiglioni et al. regarding the work
of Bauer et al., in which some physiological interactions,
different from the baroreflex feedback (for instance, sym-
pathetic activation, or, as in this case, respiration), might
have changed between supine and head-up phases.

In order to shed light on these possible alternative inter-
actions, we firstly investigated on the case in which RR and
SBP were statistical independent. We found that BPRSA
correctly estimated a zero BRS, whereas SM estimates
were dependent on their standard deviations (red dots in
Fig. 1a). This was due to the fact that some ramps were
identified concurrently on RR and SBP just by chance (1
ramp every 576 samples, as predicted in sec. 2.4).

Then, we studied the influence of the coupling between
RR, SBP and respiration on BRS, using MVAR models.
We found that both SM and BPRSA were little influenced
by respiration and were similarly capable in distinguish-
ing supine and head-up phases. This might be due to the
predominant coupling between RR and SBP (Fig. 1c-d).
On the other hand, when no coupling between RR and
SBP was imposed, BPRSA almost converged to zero (Fig.
1d), while SM likely measured the influence of SBP on RR
through respiration.

In conclusion, global SM and BPRSA seemed to carry
similar information, likely due to the strong coupling be-
tween SBP and RR, while respiration played a little role.
However, we do not exclude that other physiological inter-

actions may produce differences between the estimates of
the two methodologies.
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