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Abstract

VoluMetrix has developed a new version of its NIVA, a
wrist device that measures pressure variations in the veins
together with the photoplethysmogram (PPG) at the same
point. Previous studies have shown that the venous pres-
sure signal (NIVA) reflected an increased HF power with
respect to the electrocardiogram. This suggests that it may
be useful for parasympathetic characterization guided by
signal-derived respiration. Performance of NIVA signal is
compared to that of PPG in a controlled breathing experi-
ment (8 subjects) with different respiratory rates (6, 12 and
18 bpm), where a downward trend in parasympathetic es-
timates is expected with increasing respiratory rates. The
NIVA signal is able to accurately estimate the respiratory
rate (less than 0.03 Hz estimation error) in all the sub-
jects, outperforming the PPG in the same task. In addi-
tion, respiratory-guided parasympathetic estimates signif-
icantly decreases with increased respiratory rate.

1. Introduction

Heart Rate Variability (HRV) has been widely studied
for several decades as a non-invasive method for auto-
nomic nervous system assessment. HRV is derived from
electrocardiographic (ECG) signals, although other signals
have been gradually included as surrogates for this pur-
pose, especially with the proliferation of wearable devices.
Probably, the most common used signal in these devices is
the pulse photoplethysmographic (PPG) signal, which can
be used for measuring pulse rate variability (PRV). PRV
is not an exact surrogate of HRV but includes informa-
tion related to the vascular system (e.g., pulse transit time
and pulse morphology). However, PRV and HRV are well-
known to be highly correlated [1, 2].

Another technology used in some wearable devices is
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the piezoelectrography, which measures the pressure vari-
ations on the surface of the skin. VoluMetrix is perform-
ing a Non-Invasive Venous waveform Analysis (NIVA), by
developing a device with piezoelectric sensors placed in
the volar aspect of the wrist. The development of this de-
vice was motivated by some recent results of peripheral
intra venous analysis that showed it is a promising indi-
cator in blood volume assessment and hemorrhages [3,4].
The research of Hernando et al [5,6] has demonstrated that
NIVA is a reliable surrogate of HRV under resting condi-
tions. In addition, they found a significantly higher power
within the High Frequency (HF) band at NIVA, defined as
the band centered at the respiratory rate (RR). It suggests
that NIVA may provide enhanced respiration information,
maybe because venous return is strongly mediated by neg-
ative pressure in the chest caused by inspiration move-
ments. VoluMetrix has improved its device by using a
new sensor that measures pressure changes (i.e., a pressure
derivative) in the vein for NIVA, and by adding a PPG sen-
sor. Classical HRV analysis can be more effective by in-
cluding respiratory information, as it has been reported for
some applications including stress assessment [7]. Thus,
the NIVA device could make use of its novel signal to ob-
tain enhanced information on parasympathetic tone guided
by respiration, which could be used in stress and well-
being identification applications (e.g., yoga, mindfulness,
etc.) using a wrist device, the most accepted on the market
nowadays.

The aim of this work is to continue with the study of
the NIVA signal, analyzing its ability to obtain respiration-
guided parasympathetic markers. First, respiratory infor-
mation and pulse rate was derived from the signal, and then
used to compute the power of PRV in a bandwidth depen-
dent on respiration. Same measurements were obtained
from the PPG recorded by the NIVAband as a comparison.
Performance will be evaluated in a breathing-controlled
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experiment with different respiratory rates. It is known
that, for the same subject, the power in the band defined
by respiration tends to decrease with an increase in the RR
[8]. Our hypothesis is that the NIVA signal could be more
sensitive than the PPG signal to these intra-subject varia-
tions.

2. Materials and methods

2.1. Database

In collaboration with Vanderbilt University Medical
Center and under a COI IRB approval, eight healthy volun-
teers were recorded with the NIVA device, acquiring both
NIVA and PPG signals, while maintaining controlled res-
piration at 0.1, 0.2 and 0.3 Hz (6, 12 and 18 bpm, respec-
tively). Each stage lasted for 5 to 6 minutes and the sub-
jects were seated throughout the experiment. The NIVA
signal is acquired using a piezoelectric sensor that samples
at 500 Hz, while the PPG using an optoelectric one at 125
Hz, both in the volar aspect of the wrist.

2.2.  Preprocessing

All the signals were low pass filtered with a cut-off fre-
quency of 5 Hz at NIVA and 2 Hz in the case of PPG (em-
pirically selected according to the different signal to noise
ratios) in order to remove high frequency noise; and high
pass filtered with a cut-off frequency of 0.5 Hz to remove
low frequency oscillations such as baseline wander. The
results have also been calculated for NIVA filtered at 2 Hz
for better comparison.

2.3. Fiducial points

We describe now the fiducial points selected for the next
steps. These points should be the same temporal points in
both signals to obtain a fair comparison. We have chosen
the signal onset (to(k), for k = 1,2,... K, being K the to-
tal number of pulses), and the maximum upslope (ty (k))
as defined in [9]; and the derivative zero-crossing (¢4 (k)).
This last point is used instead of the signal endset, de-
scribed in the same article, because it is a more stable
point due to the morphology of the signals. It is impor-
tant to notice, as depicted in Figure 1, that in the NIVA
case, the maximum upslope and derivative zero-crossing
are the maximum and zero-crossing of the signal itself.

2.4. RR estimation

Two derived respiration techniques were used to calcu-
late the RR: PRV and Slope Transit Time (STT). PRV is
computed from ¢y (k), using the IPFM model [10] and a
sampling rate of 4 Hz. STT is computed as
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Figure 1: Above: NIVA signal with fiducial points. Below:
PPG signal and its derivative (dashed line, augmented)
with fiducial points.

K
STT = (ta(k) —to(k)s(t—ta(k)) (1)
k=1

An outlier detector based on [11] is used before spline
interpolation at 4 Hz.

We chose the respiratory peak as the maximum in a win-
dow between 0.05 and 0.4 Hz in the Power Spectral Den-
sity (PSD) of both PRV and STT. The spectral estimation
is done by the Welch method, using a 60 second Hamming
window, and 50% overlap. Since no respiratory signal is
available, we consider as a success if the estimate devi-
ates less than 0.03 Hz above or below the metronome fre-
quency. Thus, we name success rate as the ratio of correct
estimates to total cases.

2.5. Respiration-guided parasympathetic as-
sessment

For HF bounds calculation, we have used three differ-
ent methods. As it will be shown in the results section,
the RR estimate obtained from the PRV is chosen for the
three methods as it is more robust than the STT one. The
first one consists of 0.1 Hz width windows centered on
the estimated RR. The second method centers the band
in the same way, but adjusts the bandwidth to -3dB from
the peak, instead of a fixed width. The last one is based
on spectral coherence between PRV and STT [12]. Spec-
tral coherence is a function of frequency with values be-
tween 0 and 1. It measures the linear relationship between
two signals at each specific frequency. As STT is strongly
modulated by respiratory rhythms, we obtain the frequen-
cies in which breathing is affecting the heart rate (actually
the pulse rate), looking for a high coherence. HF window
bounds are evaluated by looking for the frequencies whose
coherence is above a threshold around the estimated RR
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Figure 2: Above: PSD of PRV. The peak around 0.2 Hz
is the one corresponding to respiration. Below: Coherence
between PRV and STT. HF window bounds are found by
looking for the points that cross the threshold (dashed line)
on each side of the peak. The shaded area indicates the
window found in this example. This window is used in the
upper signal to compute Pr .

(see Figure 2). This threshold was previously computed
as the 95th percentile of a hundred white gaussian noise
realizations. This way, we assure that the coherence is sta-
tistically significant. Windows less than 0.015 Hz wide are
rejected and HF power (Prr) is not assessed. Once the
window boundaries are obtained, Py r is calculated in all
the cases from the PRV spectrum, using trapezoidal inte-
gration. We have normalized the spectrum units by divid-
ing by the power integral between 0.03 and 0.4 Hz.

2.6.  Statistical analysis

A Wilcoxon signed-rank test is performed, where we
test the hypothesis of zero median for the difference be-
tween paired samples from different RRs. Thus, we can
compare the parasympathetic estimates, obtaining a quan-
titative measurement of the discrimination between differ-
ent breathing rates using both signals. A significance level
of 0.05 is used to reject or accept the null hypothesis

3. Results

We start by analyzing the results of the RR estimation.
Using the spectrum of the PRV, we obtain a 100% success
rate for the case of NIVA, filtered at both 5 and 2 Hz. The
Root-Mean-Square Error (RMSE) of the estimate from the
metronome rate is 0.7 and 1.1 mHz at 5 and 2 Hz, respec-
tively. For PPG, the success rate drops to 87.5%, although
the error remains low in the correct cases: 1.3 mHz. On
the other hand, using the STT spectrum the results are not
so good. For both filtered NIVA at 5 and 2 Hz, a success
rate of 66.7% is obtained, with a RMSE of 6 and 6.8 mHz.
In PPG, the success rate is 75% and the RMSE is 1 mHz.
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Figure 3: Pgp trends with the variation of RR. On the
left the trends obtained with the NIVA signal and on the
right with PPG. Although downward trends are observed
in both, it can be seen that in NIVA the three groups of 6,
12 and 18 bpm are better separated.

We now turn to analyzing trends in Py . Using fixed-
width windows centered at each RR, downward trends are
present in both NIVA and PPG (see Figure 3). There are
significant differences (p < 0.05) in median between the
6-12 bpm and 12-18 bpm distributions for both PPG and
NIVA (see Table 1). We obtain similar results using -3dB
wide windows for NIVA. However, the differences are no
longer significant for PPG. Using coherence-defined win-
dows, fails at both NIVA and PPG.

4. Discussion

The NIVA signal is strongly modulated by breathing.
This remains an advantage for estimating RR, a task in
which it achieves 100% accuracy when estimated through
PRY, clearly outperforming PPG at the wrist. STT works
better for PPG than for NIVA, although not better than
PRV. Taking advantage of this, we have used this informa-
tion to accurately calculate the HF band, of great interest as
a marker of the parasympathetic system. In this task, both
NIVA and PPG are able to distinguish between groups at
different RRs using fixed-width windows. However, only
NIVA passes this task when we also leave the choice of
window width free. It brings us closer to a real case of sen-
sor application where breathing is unknown. Neither NIVA
nor PPG are able to distinguish between groups using the
coherence-based method. This may be because STT is not
as good estimator of respiration as it is PRV in this partic-
ular application. The respiratory peak has been obtained
from the PRV instead of from the signal PSD, as in [5],
because in the NIVA signal the respiration band is heavily
filtered, probably due to the high-pass nature of the deriva-
tive, and it is difficult to discriminate a peak there.

Another issue to be addressed is that the breathing sig-
nal and tidal volume were not measured during the experi-
ment. Variations in tidal volume are known to affect Py g
in the opposite way as changing the RR does. The greater
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Table 1: p-values of the Wilcoxon test. Values below 0.05 are marked with an asterisk (*).

HF window NIVA (5 Hz) NIVA (2 Hz) PPG
6tol12 12t018 6tol12 12t018 6to12 12to 18
Fixed width 0.008*  0.039%* 0.008*  0.016* 0.016*%  0.039*
-3dB width 0.039* 0.039* 0.008*  0.023* 0.461 0.078
Coherence PRV-STT  0.063 0.078 0.438 0.125 0.063 0.063

the tidal volume, the greater the Py and vice versa [8].
Changes in RR are expected to cause changes in tidal vol-
ume. This variation should be considered in future experi-
ments. In the absence of a respiratory signal, we have used
the metronome frequency as a reference, since in [13] it
is shown that the deviations are of the order of tenths of
millihertz.

Finally, the database size is a clear limitation. A larger
number of subjects should be involved in future research.
In this article, we have compared the two signals offered
by the device designed by VoluMetrix. However, the com-
bination of both could give additional information that
could not be achieved with the signals separately. This is
a future line to consider together with comparing perfor-
mances also in a spontaneous breathing scenario.

5. Conclusion

In this work the ability of deriving respiration-guided
parasympathetic estimates from a wrist-worn device has
been investigated. Respiratory rate was successfully de-
rived in all cases using PRV obtained from NIVA signal,
outperforming STT from NIVA and PRV and STT from
PPG. Pyp from NIVA in a bandwidth dependent on RR
estimates, showed a significant decrease with increasing
RR, supporting its use as parasympathetic estimate.
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