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Abstract

Introduction: Heart rate variability (HRV) analysis
tools have been mainly available for analysis of human
electrocardiographic derived heart rate. We explore
extending HRV analysis to two additional dimensions: (1)
analysis across multiple mammalian species and (2)
analysis across different levels of integration for example
sinoatrial tissue.

Methods: We analyzed the beating rate variability
(BRV) across the two additional dimensions using the
PhysioZoo computer program that we recently introduced.
We used published databases of electrocardiograms from
four mammal types: human (n=18), dog (n=17), rabbit
(n=4) and mouse (n=8). We computed the BRV measures
for each. We also show how the PhysioZoo program can
be used for the analysis of sinoatrial node tissue BRV.

Results: The study of typical mammalian heart and
respiration rates (obtained from the dominant high
frequency peak) revealed a linear relationship between
these two quantities. Analysis of the rabbit sinoatrial node
tissue BRV showed that it had reduced overall variability
when compared to in vivo heart BRV.

1. Introduction

Heart rate variability (HRV) analysis is a common tool
in cardiovascular physiology research because it is a non-
invasive method for assessing heart function. More
generally speaking, the beating rate variability (BRV) of
the heart in vivo, sinoatrial node or single pacemaker cells
can be studied to investigate cardiovascular function [1].
In this paper we use the term HRV to describe beat-to-beat
interval variations from in-vivo ECG data and BRV as a
more generic term to denote beat-to-beat interval
variations from any electrophysiological signal (including
signals from sinoatrial node cells, sinoatrial tissue, and in
Vivo hearts).

Recently we introduced the PhysioZoo platform [2], an
open-source program dedicated to the analysis of the
beating rate variability (BRV) in mammalian
electrophysiological recordings (physiozoo.com). The
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platform includes open-source software (code and user
interface) for the analysis of the BRV in mammals and a
set of annotated databases of electrophysiological signals.
The software includes all the standard HRV measures,
adapted for use with different mammals (humans, rabbits,
dogs, and mice). Adapting these measures to other
mammals is also possible in this framework. The
PhysioZoo project aims to standardize BRV analysis from
mammalian electrophysiological data, enable its
reproducibility, and enable its use across multiple
mammalian species and different levels of integration (i.e.
sinoatrial cell, tissue and in vivo electrophysiological
signals). In its current version the software readily
implements all the steps of BRV analysis (peak detection,
prefiltering and HRV measures) using electrocardiogram
(ECG) recordings from different mammals.

In this paper we illustrate how to use PhysioZoo to
analyze BRV across species or across levels of integration
and discuss the physiological insights that can be obtained.
For that purpose, we explore the relationship between the
typical heart rate (HRm) and breathing rate (BRm) across
different mammalian species and the difference in BRV as
obtained from rabbit ECG vs. spontaneously beating rabbit
sinoatrial node tissue electrogram.

2. Methods

Animal data from multiple studies [2]-[6] were
collected for analysis. All animal studies were performed
in accordance with the Guide for the Care and Use of
Laboratory Animals published by the National Institutes of
Health (NIH Publication no.85-23, revised1996).

We analyzed the beating rate variability (BRV) using
the PhysioZoo program. We used the published PhysioZoo
databases (Table 1) of electrocardiograms from four
mammal types: humans (n=18), dogs (n=17), rabbits
(n=4), and mice (n=8) [2]. These databases have reference
peak annotations (i.e. manually corrected). The AVNN and
high frequency (HF) peaks were computed and exported
from the PhysioZoo program. We looked for allometric
laws between the typical heart rate (HR,,,) and the typical
body mass (BM,,,) and between the breathing rate (BR,,)
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and BM,,. BM,, values were taken from [7]. We looked
for a linear relationship between the HR,, of different
mammals and their typical BR,,. The breathing rate was
evaluated by detecting the dominant peak location in the
HF band of the power spectrum, which is known to be
characteristic of respiratory sinus arrythmia [8]. Finally,
we looked at the mean normalized power spectral density
(PSD) for each mammalian database included.

We illustrate how sinoatrial node tissue beating
variability can be analyzed and use the rabbit electrogram
sample to show the difference in overall variability
(quantified using SDNN) between sinoatrial node tissue
electrogram data and in-vivo electrocardiogram data.

Accurate BRV analysis requires the following steps:
accurate peak detection, preprocessing to remove sudden
drops and increases in the RR intervals due to ectopic beats
and noise, selection of the analysis window, and
computation of HRV measures (Figure 1). The algorithms
are readily available in PhysioZoo for HRV analysis.
Figure 2 illustrates the PhysioZoo interface for performing
HRYV analysis.

Peak Ly preprocessing Analysis HRV
detection processing Window measures
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Figure 1: Performing HRV analysis in PhysioZoo.

To find the beat-to-beat intervals of the electrogram
recording, the following steps were performed: recordings
were prefiltered using a Notch filter at 60 Hz to remove
power-line interference and the depolarization peaks were
searched for. Depolarization peaks are sharper; thus, we
used them as fiducial points to compute the beat-to-beat
intervals. All detected beats were manually corrected to
correct for misdetections. Then the beat-to-beat intervals
were processed using PhysioZoo.

Table 1: PhysioZoo mammalian ECG database [2]-[6].

Human Dog Rabbit  Mouse
Number of records 18 17 20 8
Number of mammals 18 17 4 8

Total length (hr:min:sec) 437:29:36 01:33:55 03:31:13 03:28:07

Total R-peak annotations 1,806,792 10,871 50,452 109,865
P PrysioZoo - o x
File Peak Detection d
Main Single  Options  Display C:\Users\Joachim. ‘r BM-YY- LE\Desktﬂp.y ysi i oolbnx Bd644191rf‘ Mouse_example_qrs txt _
File name Mouse_example_qrs b A [ Auto Compute:
0.2
Signal quality file name Plot HR
Time series length 00:39:37.784  h'min:sec. msec =
8 o1
IMammal Mouse v =
© 005
Integration level ECG v
P or 1
fepracessIng Moving average - Time series Selected fitered time series
-0.05 1
Preprocessing level Default = L L - -
00:00:00 00:00:50 00:01:40 00:02:30 00:03:20 00:04:10 00:05:00 00:05:50 00:06:40 00:07:30 00:08:20
Default frequency method \weich - Time (h:min:sec)
B - 4
0.1
00:00:00 00:08:20 00:16:40 00:25:00 00:33:20
Statistics Time Frequency NonLinear
Description Values
AVNN (ms) Average NN interval duration 106.34 ~
SDNN (ms) Standard deviation of NN interval duration 11.89 ‘
RMSSD (ms) The square root of the mean of the sum of the squares of differences between adjacent NN intervals 605
PNNS (%) Percent of NN interval differences greater than 5.0milliseconds 27.23
SEM (me) Standard error of the mean NN interval 029
PIP (%) Percentage of inflection points in the NN interval time series 36.66
1ALS (nw) Inverse average length of the acceleration/deceleration segments 037
PSS (%) Percentage of short segments 3074
PAS (%) The percentage of NN intervals in alternation segments 837
B WELCH (n.u) Slope of the linear interpolation of the spectrum in a log-log scale for frequencies below the upper bound of the VLF band -0.34
HF NORM WELCH (%) High frequency power in normalized units: HF/(Total power - VLF)*100 (welch) 19.03
HF PEAK WELCH (Hz) Peak frequency in the high frequency band (welch) 137
HF WELCH (ms*2) Power In the high frequency band (welch) 11.20
LF NORM WELCH (%) Low frequency power in normalized units: LF/(Total power - VLF)*100 {welch) 80.97
LF PEAK WELCH (HZ) Peak frequency in the low frequency band (welch) 027
LF WELCH (ms2) Power in the low frequency band (welch) 4764 .

Figure 2: PhysioZoo user interface. (A) The selected analysis window (in blue) defines the time interval for which the HRV measures
are computed. (B) The RR time series is plotted and two windows drawn: the red-framed window defines the part of the RR time series
plotted in the larger upper figure (A), and the selected window in blue defines the part of the RR time series for which the HRV measures
will be computed. The window can be modified (enlarged/decreased/moved) using the mouse. Panel (C) shows all the HRV measures
that have been computed.
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Figure 3: Power laws (A-B) and linear relationship (C) between: (A) the typical mammalian heart rate (HRm) and body mass index
(BMm), (B) the breathing rate (BRm) and BMm, (C) the HRm and BRm of the four types of mammals . The typical BRm was taken as 60
times the typical PSD high frequency peak location. Both allometric laws (A-B) scale with a power of ~1/4 of BMm and thus highlight
the linear relationship between the breathing rate and the heart rate (C). Thus, on average, one breathing cycle of any mammal contains

the same number of heartbeats.
2. Results

Allometric laws found for the HR, and BRy (Figure
3A,B) scale with a power of ~1/4 of BMm. This is in
accordance with the allometric laws found for HRy, and for
BRm by others [9], [10]. We found a linear relationship
between HR,, and BR,,: HR,, = 5.25 = BR,, with R? =
0.99 (Figure 3C).

We looked at the mean normalized power spectral
density for each mammalian database. Interestingly, our
results show that the mouse could serve as a better
mammalian model than the dog or rabbit for studying the
effects of drugs, mutations, or cardiac diseases on vagal
activity as reflected in the HF band. This is because
respiratory sinus arrhythmia activity is higher in smaller
mammals, and thus the high frequency peak shifts to the
right as the mammalian size gets smaller (Figure 4),
leading to less overlap between the physiological processes
echoed in the low frequency and the high frequency bands.
However, this effect is moderated by the relatively lower
energy contained in the HF band for the mouse versus
bigger mammals.

Finally, we illustrate how PhysioZoo can be used to
analyze BRV from electrogram data (Figure 5 and Figure
6). Figure 6 shows the beat-to-beat interval variation
against time from the electrogram recording when no
preprocessing is applied and taking the repolarization peak
as the fiducial point to be detected versus preprocessing the
data with a Notch filter and taking the depolarization peak
as the fiducial point. This beat detection algorithm for
electrogram data will be further developed and
implemented in PhysioZoo in future work. Analysis of the
sample rabbit sinoatrial node tissue BRV showed that it
had reduced overall variability (SDNN=5.3 ms) in
comparison to the whole innervated heart HRV (SDNN
=9.5 ms).
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Figure 4: Mean normalized power spectral density for each
mammalian database from Table 1. Note the shift of the high
frequency content to the right as the mammalian size gets smaller.
Adapted from [6].
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Figure 5: Beat-to-beat interval variation when detecting the
depolarization peak after preprocessing with a Notch filter in an
electrogram signal (‘peaks after adjustment’) versus detecting the
repolarization peak and without preprocessing (‘peaks before
adjustment’).
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Figure 6: Beating rate variability analysis of an electrogram sample: example of applying a Notch filter (60 Hz) and looking for the
depolarization peak fiducial (orange) versus detecting the repolarization fiducial and not applying a Notch filter (blue). This example

highlights the importance of the preprocessing step and what fiducial point to look for in order to guarantee accurate BRV analysis. For
example, SDNN = 9.02 ms for the blue time series versus 5.3 ms for the orange one.
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