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Abstract

Heart rate variability (HRV) between R-R intervals re-
sults from complex interactions between respiratory ac-
tivity and autonomic cardiovascular control. Measure-
ments of HRV are strong predictors of cardiac morbidity
and mortality. A finger probe is more convenient than
a chest strap device so we compared the HRV measure-
ments between the CorSense finger probe and the Polar
H7 chest strap. This data was collected in our clini-
cal study (NCT04121741) of 33 subjects (mean age 69
with standard deviation 10, 52% female) with coronary
heart disease. We captured HRV in both the time-domain
(root mean square of successive RR interval differences
(rMSSD), standard deviation of NN intervals (SDNN), per-
centage of successive RR intervals that differ by more
than 50 ms (PNN50)) and the frequency-domain (low-
frequency power (LF Power) and high-frequency power
(HF Power)). Regression analyses and the Wilcoxon
signed-rank-test (WSRT) showed a closer correlation be-
tween devices for SDNN and LF Power. However, none
of these metrics met the satisfactory agreement criteria.
The clinical study had singing and non-singing control ses-
sions. Due to possible discrepancies while singing, we
only included non-singing control sessions.

1. Introduction

Our study evaluates the reliability and performance of
the CorSense finger probe versus the Polar H7 chest strap
for measuring HRV in older adults with cardiovascular dis-
ease. HRV captures variations between consecutive heart-
beats [1] and is a valuable marker for cardiovascular con-
trol and respiratory function [2]. The chest strap may re-
quire shaving the chest hair and moistening the sensor to
improve contact with the skin of the chest wall [3], while
there is no specific preparation for the finger probe as long
as the properly hydrated subject’s finger has clean and dry

skin. Hence, the importance of accurate and convenient
measurement devices, the CorSense finger probe that is
easier to use warrants a comparison to the Polar H7 chest
strap considered the gold standard in our study [4]. This
assessment occurred over three replicate measurements,
during which HRV was recorded with both devices among
33 subjects aged 59-79 with coronary artery disease. The
goal was to assess if finger probes could be a reliable sub-
stitute for conventional chest straps. Previous studies have
corroborated both chest straps and finger probes for HRV
monitoring. While the Polar H7 tool is consistent with
ECG [4], evidence points to the photoplethysmography
(PPG)-based finger probes as reliable alternatives [5][6].
Thus, our study seeks to contribute to this growing body
of evidence.

2. Material and Methods

2.1. Raw Material

Our data set was collected in a clinical study
(NCT04121741) [7]. The parent study aimed to collect
data from up to 65 subjects with coronary artery disease
between 59 and 79 years old who participated in three ses-
sions. Subjects participated in two singing sessions and
one non-singing control session. During the singing ses-
sions, they sang along with music. HRV was measured si-
multaneously pre-, during-, and after-singing for 3 minutes
each with the chest and finger probe during singing ses-
sions. The non-singing control session recorded the same
measurements but without singing. Subjects underwent
a hearing test at the non-singing control visit. HRV was
measured simultaneously pre-, during-, and after-hearing
tests for 3 minutes each with the chest and finger probe
during non-singing control sessions. The order of these
three sessions was randomly assigned in a cross-over trial
design. Patient demographic information and medical his-
tory were collected from the medical record. Recording
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Table 1. HRV measurement.

HRV Unit Definition
rMSSD ms Root mean square of successive RR interval differences
SDNN ms Standard deviation of NN intervals
PNN5 % Percentage of successive RR intervals that differ by more than 50 ms
LF Power ms2 Absolute power of the low-frequency band (0.04-0.15 HZ)
HF Power ms2 Absolute power of the high-frequency band (0.15-0.4 HZ)

initiation time did not differ by more than a couple of sec-
onds between devices. Both devices transferred data to
Elite HRV software [8]. This software allowed us to ana-
lyze the data and calculate more HRV variables. Finally,
all data was stored in RedCAP. RedCAP enforced rules to
reduce human error, such as min/max range checks [9].

2.2. Data Preparation

For this study, we exported the de-identified data from
RedCAP. Based on the number of subjects who had HRV
measured with both the chest strap and figure probe, we
had data from 33 subjects. Each patient had nine sets of
data, consisting of three visits and pre-, during, and after-
singing during singing sessions and -hearing tests during
control sessions. We kept only the non-singing control
sessions to minimize measurement error since there were
more discrepancies in singing sessions, possibly due to
movement or sweat. Considering 33 subjects and three
replicates for each (pre-, during, and after-hearing tests),
we have 99 observations. For simplicity and precision, we
restricted attention to the five most commonly used HRV
measurements [10](Table 1). Originally, we had data from
33 subjects, or 99 observations, considering three repli-
cates pre-, during- and after-hearing tests. The software
from both devices informed us about poor-quality data. We
removed 45% of the data for poor quality of the chest strap
measurement and 9% for poor quality of the finger probe
measurement. Just 1% deemed poor quality for both de-
vices. Considering all the removed data, we have 46 ob-
servations. We also applied 10 percent trimming method,
removing outliers to improve the results.

2.3. Linear regression

We analyzed HRV in both the time domain (rMSSD,
SDNN, and PNN50) and the frequency domain (LF Power
and HF Power). Linear regression is illustrated before
and after trimming (Formula 1, Figure 1 and 2). Where
y = [y1, . . . , yn] is HRV data measured by finger probe
CoreSense. And x = [x1, . . . , xn] is HRV data measured
by chest strap Polar H7. The purpose of linear regression is
to see if there is a strong correlation between the two paired
chest strap and finger probe measurements. HRV data from

33 subjects (mean age 69 with standard deviation 10, 52%
female) were compared by data from both devices using
linear regression. We made graphs to visualize linear re-
gression of the data from the chest probe versus the finger
probe for the data with and without outliers. Data shown in
the plots were shown with the original scaling. The ideal
results would be fitted exactly in a 45-degree line (b = 1).
We calculated the linear regression error by mean squared
error (MSE) (Formula 2). Where n is the number of data
points, yi is the actual value of the ith data point, ŷi is the
predicted value of the ith data point. The predicted value
ŷi is obtained using the model on the normalized data, with
min-max scaling. For evaluating MSEs, we found normal-
ized root-mean-square deviation (NRMSD) (Formula 3),
where ȳ is (1/n)

∑
i yi. We also found the Coefficient of

determination (R2) for the paired chest strap and finger
probe data (Formula 4).

y = a+ bx (1)

MSE = (1/n)
∑
i

(yi − ŷi)
2 (2)

NRMSD =
√
MSE/ȳ (3)

R2 = 1−
∑
i

(yi − ŷi)
2/

∑
i

(yi − ȳ)2 (4)

2.4. Nonparametric methods

The Wilcoxon-signed-rank test (WSRT) is a nonpara-
metric statistical method to compare two paired or depen-
dent samples. Given appropriate conditions, this test could
be applied in our study comparing HRV measurements be-
tween the chest strap and finger probe device. We had
some ties (equal observations) in our data since the num-
ber of them was few (1-2); applying the Wilcoxon test and
getting an approximation for them was acceptable. We
also manually checked those ties in RedCAP to ensure
they were not human errors. The WSRT was performed
on the paired chest strap and finger probe data measure-
ments of both devices to perform the comparison. We eval-
uated the WSRT results with p-value to determine whether
the paired data are from the same distribution. We im-
plemented the process of preparing data, linear regression
method, and WSRT in Python to assess the agreement be-
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tween HRV variables measured by chest strap and finger
probe.

3. Results

Results for linear regression are shown in the plots sep-
arately for rMSSD, PNN50, SDNN, LF Power, and HF
Power in their actual scaling (Figure 1 and 2). After trim-
ming, the slope coefficients (b’s) are found for linear re-
gression lines to compare with the 45-degree line at each
plot. MSE, NRMSD, and R2 for rMSSD, PNN50, SDNN,
LF Power, and HF Power were calculated to evaluate the
linear regression method (Table 2). Figure 1 shows linear
regression results and how trimming improved linear re-
gression results for time-domain HRVs. Figure 2 shows
linear regression results and how trimming improved lin-
ear regression results for frequency-domain HRVs. After
trimming, NRMSD amounts were decreased by 12% for
rMSSD, 67% for PNN50, 34% for SDNN, 81% for LF
Power, and 45% for HF Power.

WSRT was repeated five times, considering five HRV
measurements (rMSSD, SDNN, PNN50, LF Power, and
HF Power). P-values were calculated to evaluate the
WSRT method (Table 2).

Linear regression analyses and the WSRT showed closer
correlations between devices for SDNN (0.212 NRMSD,
0.769 R2, and 0.048 p-values) and LF Power (0.266
NRMSD, 0.958 R2, and 0.047 p-values). However, none
of them met the agreement criteria.

4. Discussion and Conclusions

Although R2 values (related to linear regression) look
good (R2 > 0.75 for LF Power, PNN50, HF Power
and SDNN), as a matter of NRMSD (related to linear
regression) and p-values (related to WRST), the paired
chest strap and finger probe data sets measured with the

Table 2. Linear and non-linear methods evaluation

chest strap and the finger probe had significant differ-
ences. SDNN and LF Power had the closest p-values to
0.05. But they both were below the cutoff. In conclu-
sion, none of the paired chest strap and finger probe HRV
measurements met the agreement criteria even after 10%
trimming. Although the finger probe is more convenient,
the chest strap appears more accurate and has been vali-
dated with ECG. More significant discrepancies during the
singing and the recovery period may be related to move-
ment while singing, sweat affecting sensor contact with
skin, or medical comorbidities such as peripheral vascular
disease, which can be explored in future analyses.
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Figure 2. Linear regression for frequency domain HRV data (LF Power, and HF Power).
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