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Abstract: This paper presents a study undertaken to evaluate the sensor systems that were
shortlisted to be used in the development of a portable respiratory-gated transcutaneous
auricular vagus nerve stimulation (taVNS) system. To date, all published studies assessing
respiratory-gated taVINS have been performed in controlled laboratory environments. This
limitation arises from the reliance on non-portable sensing equipment, which poses signifi-
cant logistical challenges. Therefore, we recognised a need to develop a portable sensor
system for future research, enabling participants to perform respiratory-gated stimulation
conveniently from their homes. This study aimed to measure the accuracy of an in-ear
and a fingertip-based photoplethysmography (PPG) sensor in measuring cardiac vagal
tone relevant heart rate variability (HRV) parameters of root mean square of successive
R-R interval differences (RMSSDs) and the high-frequency (HF) component of HRV. Thirty
healthy participants wore the prototype sensor equipment and the gold standard electrocar-
diogram (ECG) equipment to record beat-to-beat intervals simultaneously during 10 min of
normal breathing and 10 min of deep slow breathing (DSB). Additionally, a stretch sensor
was evaluated to measure its accuracy in detecting exhalation when compared to the gold
standard sensor. We used Bland—Altman analysis to establish the agreement between the
prototypes and the ECG system. Intraclass correlation coefficients (ICCs) were calculated
to establish consistency between the prototypes and the ECG system. For the stretch sensor,
the true positive rate (TPR), false positive rate (FPR), and false negative rate (FNR) were
calculated. Results indicate that while ICC values were generally good to excellent, only
the fingertip-based sensor had an acceptable level of agreement in measuring RMSSDs
during both breathing phases. Only the fingertip-based sensor had an acceptable level of
agreement during normal breathing in measuring HF-HRV. The study highlights that a high
correlation between sensors does not necessarily translate into a high level of agreement. In
the case of the stretch sensor, it had an acceptable level of accuracy with a mean TPR of 85%
during normal breathing and 95% during DSB. The results show that the fingertip-based
sensor and the stretch sensor had acceptable levels of accuracy for use in the development
of the respiratory-gated taVNS system.
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1. Introduction

Autonomic factors influencing changes in heart rate can be a result of the sympathetic
nervous system (SNS) activity or the parasympathetic nervous system (PSNS) activity
or their combination [1]. PSNS activity is modulated by the activity of the vagus nerve
and is referred to as the cardiac vagal tone [1,2]. Heart rate variability (HRV) parameters
that indicate rapid beat-to-beat changes and respiratory rhythms are recommended for
indicating changes in the cardiac vagal tone [1,2]. There are various time domain and
frequency domain HRV parameters of which the root mean square of successive R-R
interval differences (RMSSDs) reflects vagal tone [3,4] and has a high correlation with
the high-frequency (HF) component of HRV [3]. RMSSD is not influenced by respiration
rate [5].

Activity in the vagal brainstem nuclei is cyclically modulated by respiration [6]. Recent
functional magnetic resonance imaging (fMRI) studies [7,8] have shown exhalation-gated
auricular vagal nerve stimulation evoked greater fMRI signal increase in brain regions
associated with enhanced vagus nerve activity. Hence, we desired to build a taVINS system
that synchronised the stimulation with the exhalation phase of the respiratory cycle and
also measured changes in the cardiac vagal tone.

To measure the cardiac vagal tone, we needed to assess the accuracy of the photo-
plethysmography (PPG) heart rate sensors against a gold standard electrocardiogram (ECG)
system [9]. Sensors using PPG technology were chosen as they are simple and inexpen-
sive [10,11]. PPG technology uses non-invasive optical transceivers that are placed on the
skin over the fingertip, wrist, forearm, or certain areas of the auricle, and infrared light
is used to derive measures of heart rate and interbeat (R-R) intervals [10-13]. While PPG
offers ease of use when compared to ECG systems, PPG measurements are more susceptible
to motion artefacts [14-18] and peripheral circulation changes [14] than ECG. To counter
these challenges, various publications recommend using appropriate signal processing
methods and consideration of specific clinical applications [17-20]. The data processing
section of this article discusses the custom algorithm developed for the chosen sensors to
address the errors introduced by motion artefacts and intermittent fitment issues.

A detailed search of various PPG sensor components was carried out. Most feasible
options included a fingertip-based or a wrist-based sensor. Camera-based PPG [21,22]
options were not considered due to privacy concerns around the use of a camera, ambient
lighting changes, and potential obstructions between the sensor and person that would
make implementation difficult. Wrist-based sensors, commonly found in smartwatches,
were ruled out due to the challenges with lower signal quality and higher susceptibility to
noise when compared to fingertip-based sensors [23-26]. Therefore, fingertip and auricular
(in-ear) HRV sensors were chosen.

To enable faster development of the prototype sensing system, off-the-shelf, well-
established components were used for both sensors. The in-ear sensor option was preferred
for the prototype system as the sensor and the stimulation electrodes could be housed
in the same enclosure, making the system more compact. A literature review conducted
for in-ear PPG sensor accuracy in measuring HRV during the development of this study
protocol around mid-2022 yielded hundreds of results. Articles published in IEEE [27,28]
discussed the development of a sensor system and algorithms for signal processing which
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required development beyond the scope of this study. A similar study by Tigges et al. [29]
compared their custom in-ear sensor and a fingertip sensor with an ECG system and found
a limited agreement for HRV parameters like HF HRV or low-frequency (LF)/HF ratio
that quantify high frequent fluctuations in beat-to-beat intervals. They did not report on
RMSSD. In summary, some publications [13,30] discussed in-ear PPG for measuring heart
rate and even HRV [27,28,31]. However, the literature on the accuracy of measuring cardiac
vagal tone-relevant HRV parameters using in-ear sensors was lacking. An in-ear sensor
development kit from Valencell (Raleigh, NC, USA) [32] was used in this study.

Fingertip-based PPG sensors have been available for many years and are frequently
used for measuring oxygen saturation levels [33,34], heart rate [35], and blood pressure [36].
Nonin Medical’s (Plymouth, MN, USA) [37] Xpod [38] system was used for the prototype
system as it offers an easy-to-integrate interface for new or existing systems.

Various recent publications were reviewed [39-43] to shortlist potential sensor systems
for respiration state detection. Of these, the depth camera and radar systems [42] offered
a non-contact, non-wearable, and easy-to-use option. However, similar challenges with
the use of camera-based PPG made them non-feasible for this study. A nasal airflow
detection system [41] was ruled out due to the non-availability of commercial nasal airflow
sensing kits. A stretch sensing system with a chest strap was considered the most feasible
to implement. While there were commercial respiration state detection sensors like the
Go-direct respiration belt (Vernier Science Education, Beaverton, OR, USA) [44], which was
used as the gold standard in this study, they were locked by the use of their proprietary
software and did not offer an option to integrate into our custom design. We used the
stretch sensor kit from ElastiSense Sensor Technology (Aabenraa, Denmark) [45] as it
supported integration into our design.

The primary goal of this study was to determine the accuracy of the prototype system’s
PPG and respiration sensors when compared to the gold standard equipment. This goal
was broken down into the following objectives:

1. To determine the accuracy of the in-ear and fingertip-based heart rate sensors in
measuring HRV parameters that reflect changes in cardiac vagal tone;

2. To determine the accuracy of the stretch sensor in detecting the exhalation phase;

3.  To determine whether a controlled breathing protocol is necessary to assist the respi-
ration phase-detection method.

2. Materials and Methods

Ethical approval of the study was provided by the Auckland University of Technology
Ethics Committee (AUTEC) on 12 October 2022 (reference number 22/275). All participants
provided written informed consent.

2.1. Location

The study was conducted at the Health and Rehabilitation Research Institute on the
Auckland University of Technology’s North Campus.

2.2. Recruitment Criteria

Participants were included if they were aged 18 years and over. Participants were
excluded if they were unable to provide informed consent and/or comprehend fluent
English, had a major neurological, psychological or cardiovascular disorder that could
affect HRV or respiration, were currently taking any medications that could affect HRV or
respiration, had an ear infection or piercings on the tragus, or were a current student of any
of the study supervisors (according to ethics committee requirements).
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2.3. Sample Size

A sample size of 30 participants was deemed sufficient for statistical analysis. The
sample size was planned to support 80% statistical power for the intra-class correlation
coefficient (ICC) for consistency between single measures from two instruments with a
hypothesised ICC of 0.8 (good reliability) against a null value of 0.55 (poor reliability) at 5%
type-I error rate [46].

2.4. Experimental Procedure

The participants were scheduled to attend a two-hour data collection session. Before
the start of the session, they were briefed about the purpose of the study and the different
sensors being tested.

All data collection was conducted with the participants comfortably seated on a
plinth in a temperature-controlled (21-22 °C) research laboratory. The participants were
asked to remain still while their heart rate was monitored and captured continuously.
Gold standard ECG measurements were obtained using the Custo Cardio 300 (Custo Med
GmbH, Ottobrunn, Germany) 12 lead ECG system [47]. The electrode sites were prepared
by cleaning the skin with an alcohol prep pad and red Dot 3M (3M New Zealand, Auckland,
New Zealand) ECG electrodes [48] were placed as shown in Figure 1. ECG equipment
was set up in default mode, with a sampling rate of 1000 Hz, to log R-R intervals. The
participants wore the prototype system’s in-ear sensor in their right ear, such that the
optical heart rate sensor was located on the inner concha. To ensure proper in-ear sensor
fit, an appropriately sized earbud housing option (sizes supplied—small, medium, and
large) was used. The fingertip-based sensor was worn on the tip of the index finger of
the participant’s left hand as shown in Figure 1. A medium-sized finger-tip sleeve for
finger thicknesses between 10 mm and 19 mm was used. The in-ear and fingertip-based
sensors were set up to sample at their maximum rates of 250 Hz and 75 Hz, respectively.
The in-ear sensor system did not allow logging the raw PPG waveform and only allowed
logging the interbeat intervals while the fingertip-based sensor was set up to output the
raw PPG waveform which was post-processed to calculate the interbeat intervals. The
prototype sensor data were collected on the same computer system and were synchronised
with the ECG’s computer system by a manual trigger which marked the start of 10 min
windows. The trigger was actioned as soon as the ECG data logging started to keep the
loss of synchronisation to a second which was considered a minor lag when comparing
600 s of datasets.

Gold Standard Equipment Prototype Equipment

In-ear PPG Sensor Fingertip PPG Sensor

Stretch Sensor Chest Strap

R1 ft,’l\ 1 LL
VY
{ {

Figure 1. Left: Location of ECG electrodes and the gold standard respiration sensor strap. Right:
Prototype equipment setup.
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To measure the respiration state, a Go-direct respiration belt was worn over the
participant’s abdomen just above the navel. The prototype stretch sensor was worn just
above the Go-direct belt such that they were not overlapping and their sampling rates were
set to 10 Hz.

2.5. Data Collection

Before beginning data collection, pilot testing was performed with 5 participants to
calculate the average rest break duration between normal breathing and DSB phases as
DSB has been shown to affect cardiac vagal tone. The results of pilot testing advised that
30 min was sufficient to wash out any changes to HRV.

The participants were randomised using an online randomiser tool [49] into either
Group A or Group B, wherein data were recorded for normal breathing or DSB first,
respectively. The participants were seated on the plinth with the prototype sensors and
gold standard devices attached. The participants were requested to stay as still as possible
during data collection. The data were collected for 10 min during the normal breathing
phase and the DSB phase. In between the two phases, there was a 30 min rest break during
which no data were logged. Figure 2 shows the progression of the single data collection
session for both groups.

A
Group A (N =15)
Equipment Normal 30 min Deep slow Equipment
setup breathing Break breathing removal
Start 10min~ 40 min 50 min > Tim in_oinides
A
Group B (N = 15)
Equipment Deep slow 30 min Normal Equipment
setup breathing Break breathing removal
Start 10min~ 40 min 50 min > Tim TN inutes

Figure 2. Data collection phase session timeline.

2.6. Data Processing

Data from the ECG system and prototype (in-ear, fingertip-based) sensors were pro-
cessed by a single script that extracted the R-R intervals (ECG data) and interbeat intervals
(PPG data) from the specified time window and processed them through a series of checks
and corrections. Various publications [50-53] were reviewed to understand different meth-
ods used for detecting outliers in the interval series data to complete the correction stage.
Additionally, the in-ear dataset contained a signal quality score for each RR interval logged.
The linear interpolation method was applied at the correction stage [54,55]. The following
steps represent a customised algorithm that was developed and implemented:

1.  Extract R-R/interbeat intervals for the 10 min window [56].

2. Stage 0: Apply for in-ear sensor dataset only.

3. Calculate the average signal quality score and mark the dataset to be excluded from
statistical analysis if the average score is less than 70 out of 100 to avoid noisy sensor
data from affecting the overall accuracy calculations.

a.  Identify each R-R interval with a signal quality score of less than 40 and mark it
for interpolation.
b.  Interpolate each identified interval using the linear interpolation technique.
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4. Stage 1: Identify beat-per-minute (BPM) outliers with intervals less than 400 millisec-
onds (150 BPM) or more than 1700 milliseconds (35 BPM).

5. Interpolate each identified interval using the linear interpolation technique.

6.  Stage 2: Identify more outliers by checking whether any of the following additional
checks are met:

a. Is the current interval equal to the previous interval?

b.  Does the current interval differ by more than 20% of the mean of the previous
and the next interval [57]? If either the previous interval and/or the next
interval is outside the 3 standard deviations, use the mean value of the R-R
series instead.

C. Is the current interval outside of 3 standard deviations [53,58] of the intervals in
the current dataset?

7. Interpolate any intervals identified in Stage 2 checks using the linear interpolation
technique.
8.  Calculate HRV parameters.

As an example, Figure 3 shows a visualisation of the above algorithm when comparing
one participant’s ECG dataset with the corresponding in-ear data during the deep slow
breathing phase. The horizontal dashed lines represent 1 (green), 2 (brown), and 3 (red)
standard deviations. There were no BPM outliers identified in either dataset. In this
example, the mean signal quality for the in-ear sensor was 99.9% with only one signal
quality outlier. At Stage 2 of the checks, there were 37 beats (5.0%) identified in the ECG
dataset and 95 beats (12.8%) identified in the in-ear dataset as outliers. The average R-R
intervals calculated were 812 ms and 810.5 ms for ECG and in-ear, respectively. However,
the RMSSD values were 8.47 ms and 14.72 ms, respectively, suggesting that even if the data
are time synchronised and look very similar, the error margin in RMSSD calculations can
be notable for low-range RMSSD values.

Summary
RMSSD (ECG: 8.47, Sensor: 14.72)
Avg R-R Interval (Sensor: 810.56, ECG: 812.90)
ECG: Stg 1 Outliers(BPM) = 0, Stg 2 Outliers = a(37) + b(0) + c(0) = 37 (5.0%)
Sensor: MeanSigQuality 99.9, SigQuality Outliers 1, Stg 1 Outliers(BPM) = 0, Stg 2 Outliers = a(92) + b(0) + ¢(3) = 95 (12.8%)

Sensor Stage 0
Gold Std Stage 1
880 1 t <~ Sensor Stage 1
+— Gold Std Stage 2
—e— Sensor Stage 2
1 Std Dev
»»»»» 2 Std Dev
1 ; 2 I I : . 3 Std Dev

860

©

B

o
e
—=e
-
-9

(<]
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R-R Intervals Duration

o]
o
o

780

[Pl'l

100 200 300 400 500 600 700
Number of R-R Intervals in 10 minutes

760
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Figure 3. Visual representation of the R-R interval outlier detection and correction algorithm. Dashed
lines represent 1, 2, and 3 standard deviations of the in-ear sensor dataset. Blue lines represent in-ear
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data and lighter shaded lines represent data before correction. Orange lines represent ECG data. Stage
0 lines represent the intervals before any correction. Stage 1 lines represent the intervals adjusted
after filtering BPM outliers. Stage 2 lines represent the intervals adjusted after filtering outliers that
met the criteria listed in Step 6 of the algorithm.

Once the data were cleaned, an open-source Python package hrv-analysis (version
1.0.4) [59] was used for calculating RMSSD and HF-HRV parameters (Step 8). In the
case of the in-ear sensor, data were excluded from 3 participants for the DSB phase and
2 participants from the normal breathing phase due to their mean signal quality score being
less than 70%. No data were excluded from the normal breathing phase. In the case of the
fingertip-based sensor, data were excluded from one participant for the normal breathing
phase due to the total R-R interval count being out by more than 10% when compared to
the corresponding ECG dataset. This left complete data from 27 participants (DSB, in-ear
sensor, signal quality scores averaging 91.6 & 10.2 with scores ranging from 70.1 to 100),
28 participants (normal breathing, in-ear sensor, signal quality scores averaging 96.1 & 5.2
with score ranging from 80 to 100), 30 participants (DSB, finger sensor, intervals count
averaging 99.5% =& 1.1 with scores ranging from 93.7 to 100), and 29 participants (normal
breathing, finger sensor, intervals count averaging 99.8% =+ 0.2 with scores ranging from
98.7 to 100), respectively (Supplementary: Data S4).

2.7. Statistical Analysis
2.7.1. HRV Parameters

Bland-Altman analysis was conducted to evaluate the accuracy of the HRV parameters
obtained from the in-ear and fingertip-based sensor against the same parameters obtained
from the ECG system [60] (Supplementary: Data S1). Limits of agreement (LOAs) between
the two instruments were reported from the data of the non-excluded participants in each
dataset. The LOAs were expressed as a percentage of the mean parameter value (LOA%)
and interpreted as excellent (<5%), good (5-9.9%), and acceptable (10-30%) [61,62]. The
following steps represent the method used to calculate the LOAs (Supplementary: Data
52). The HRV parameter of RMSSD is mentioned; however, the same steps were applied to
HEF-HRV calculations as well.

1. N data points, 1 per participant, were extracted for ECG and the prototype sensor.
Each data point represented the corresponding RMSSD for the respective 10 min
breathing protocols.

2. Mean RMSSD values of the ECG and prototype sensor for each corresponding data
point were calculated.

3. The difference values between the ECG and prototype sensor for each corresponding
data point were calculated.

4. The bias was calculated as a mean of all the difference values in Step 3.

5. The upper and lower bounds of the LOA were calculated as bias + 1.96 x standard
deviation of differences in Step 3.

The intra-class correlation coefficient (ICC) was also computed from the variance
components as a relative measure of consistency between single measures from the two
instruments. ICC was interpreted as excellent (0.90-1), good (0.750-0.899), moderate
(0.50-0.749), and poor (0-0.499) [63]. Based on the guidelines for selecting and reporting
ICC for reliability research [64,65], a two-way mixed-effects model was chosen to report
interrater reliability. The two-way mixed-effects model was used to represent reliability for
specific raters rather than for generalising to other raters with similar characteristics [64,65].
Interrater reliability reflects the variation between two or more raters measuring the same
subjects. Further, single rater ICC type was chosen as the measurements being compared
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were not mean values of multiple raters; rather, they were single measures (10 min readings)
taken by two different raters (ECG and each prototype sensor). In the case of definition,
Trevathan [65] argued that if the purpose is to measure how identical the ratings are for
each subject, an absolute agreement definition should be favoured. Also, ICCs calculated by
absolute agreement are typically smaller than the consistency definition. Hence, measures
for both definitions are shared to present a comprehensive comparison of the devices.
Consistency definition has implications for applications where a correlation with the
gold standard is sufficient. In contrast, the absolute agreement definition is useful for
applications which require a minimal difference in scores compared to the gold standard.
For this study, ICC definitions of consistency were used and the absolute agreement was
evaluated by Bland—Altman analysis.

2.7.2. Respiration Phase Detection

Respiration phase detection accuracy was calculated by comparing the Go-direct
respiration belt waveform data with the prototype stretch sensor data. The datasets were
compared after the session start timestamps were synchronised. An acceptable exhalation
phase match window of 1.5 s for normal breathing and 2 s for DSB was deemed long
enough for a true match given our intended application. The ground-truth windows were
obtained from the Go-direct belt waveform. A custom exhalation phase detection algorithm
marked the start and the end of the exhalation window for each respiration cycle in the
gold standard and prototype datasets. If the stretch sensor dataset’s exhalation windows
overlapped the corresponding ground-truth dataset’s exhalation windows for a minimum
of 1.5 s during normal breathing or a minimum of 2 s during DSB, they were marked as
a match. Otherwise, the window was counted as a miss. Exhalation windows that were
less than the minimum length of 1.5 s (normal breathing) or 2 s (DSB) in the gold standard
dataset were excluded from the calculations.

For each participant dataset:

1. The true positive rate (IPR) was obtained by calculating the percentage of exhalation
windows in the stretch sensor dataset that matched the corresponding valid ground-
truth exhalation windows;

2. The false positive rate (FPR) was reported by calculating the percentage of exhalation
windows in the stretch sensor data that were additional and did not align with the
corresponding valid ground-truth exhalation windows;

3. The false negative rate (FNR) was reported by calculating the percentage of miss-
ing peaks in the stretch sensor data out of the corresponding total valid ground-
truth peaks.

Mean and 95% confidence intervals (CIs) [66] for these rates were also calculated.
While there is no established reference for acceptable TPR, we interpreted a mean
TPR > 80% and FPR < 20%, inferred with 95% ClIs, as an acceptable level of accuracy
for the prototype sensor and our intended application.

3. Results
3.1. Participants” Characteristics

Thirty participants with a mean age of 37 years (range 18-71; 18 female) were recruited.
Most of the participants were European (16); however, there were also Asian (9), Maori (3),
and Pasifika (2) participants.

3.2. HRV Parameters

Table 1 shows the results of the Bland—Altman analysis. HF-HRV values are repre-
sented in normalised units (HFNU) as normalisation minimises the impact of changes in
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total power on the values of low-frequency and HF components [67,68]. The LOA error
percentage values that were within the acceptable range (<30%) are highlighted in green
colour. In the case of HFNU, none of the other error percentages for measuring HFNU,
except for the fingertip-based sensor’s borderline value of 29.70% during normal breathing,
were within the acceptable range. The in-ear sensor’s lowest error percentage of 33.49%,
when evaluating the DSB dataset, was still outside the acceptable range.

Table 1. Bland—Altman analysis summary for the in-ear and fingertip-based sensor data when
compared to the ECG data in measuring RMSSD in milliseconds and HF-HRV in normalised units
(HENUE ). Values in the acceptable range are highlighted in bold font.

. Mean LOA Upper LOA Lower o
N Sensor Breathing Parameter Difference Bound Bound LOA %
27 In-Ear DSB RMSSD —1.53 11.40 —14.46 33.49
27 In-Ear DSB HFNU —2.29 7.34 —11.93 115.68
28 In-Ear Normal RMSSD —4.20 11.02 -19.42 47.22
28 In-Ear Normal HEFNU —4.84 14.57 —24.26 65.90
30 Finger DSB RMSSD 0.36 6.19 —5.47 14.20
30 Finger DSB HENU —0.81 2.37 -3.99 40.44
29 Finger Normal RMSSD —0.47 8.23 -9.17 23.27
29 Finger Normal HFNU —0.60 9.34 —10.54 29.70

Figure 4 shows the Bland—Altman plots for each sensor’s data during normal breathing
in the top half and during DSB in the bottom half.

For ICC calculations for the HRV data, the ECG and prototype sensors were the
raters. HRV parameters of RMSSDs and HFNUs were the ratings, and the subjects were
the participants. Statistical analysis was performed using the Pingouin package (version
0.5.3) [69] in Python and the results were cross-checked with the output from IBM SPSS
Statistics for Windows (version 29) [70] (Supplementary: Data S5, Data S6). As mentioned
in the Methods section, results for the definitions of consistency and absolute agreement
(Supplementary: PDF S1, PDF S2) for the two-way mixed-effects model and the single rater
type are shown in Tables 2 and 3, respectively. As per the ICC guidelines [64], based on the
95% confidence intervals, the in-ear coefficients for measuring HFNUs are indicative of good
reliability (between 0.75 and 0.90) during normal breathing and moderate reliability (between
0.50 and 0.75) during DSB. The rest of the values indicate excellent reliability (>0.90).

Table 2. Intraclass correlation coefficients, for consistency, for the in-ear and fingertip-based sensor
data when compared to the ECG data in measuring RMSSDs in milliseconds and HF-HRV in
normalised units (HFNUs).

N Sensor Breathing  Parameter ICC p-Value CIO nfidence
ntervals
27 In-Ear DSB RMSSD 0.95 <0.001 [0.90 0.98]
27 In-Ear DSB HFNU 0.58 <0.001 [0.20 0.76]
28 In-Ear Normal RMSSD 0.92 <0.001 [0.76 0.96]
28 In-Ear Normal HENU 0.84 <0.001 [0.61 0.92]
30 Finger DSB RMSSD 0.99 <0.001 [0.98 1.00]
30 Finger DSB HENU 0.95 <0.001 [0.850.97]
29 Finger Normal RMSSD 0.98 <0.001 [0.950.99]
29 Finger Normal HFNU 0.96 <0.001 [0.92 0.98]
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Figure 4. Bland-Altman plots for the fingertip-based and the in-ear sensors are shown on the left and
right, respectively. The titles associated with the subplots mention the HRV parameter, breathing
protocol, error percentage (LOA), and exclusions. In each subplot, each point, representing each
participant, is marked as “M” for male and “F” for female to denote gender. Each data point represents
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the mean of the measurements (ECG and the respective sensor) for each participant. The colours
represent the age bracket of the participant with green denoting age bracket 18-30, blue denoting
30-60, and red denoting above 60. The black dotted line in the middle represents the mean difference
or the bias and the dashed blue lines represent the lower and upper bounds of LOAs.

Table 3. Intraclass correlation coefficients, for absolute agreement, for the in-ear and fingertip-based
sensor data when compared to the ECG data in measuring RMSSDs in milliseconds and HF-HRYV in
normalised units (HFNUs).

N Sensor Breathing  Parameter ICC p-Value CIO nfidence
ntervals
27 In-Ear DSB RMSSD 0.95 <0.001 [0.90 0.98]
27 In-Ear DSB HFNU 0.54 <0.001 [0.24 0.78]
28 In-Ear Normal RMSSD 0.91 <0.001 [0.83 0.97]
28 In-Ear Normal HENU 0.82 <0.001 [0.67 0.91]
30 Finger DSB RMSSD 0.99 <0.001 [0.98 1.00]
30 Finger DSB HENU 0.94 <0.001 [0.83 0.97]
29 Finger Normal RMSSD 0.98 <0.001 [0.950.99]
29 Finger Normal HFNU 0.96 <0.001 [0.91 0.98]

3.3. Respiration Phase Measurement

Table 4 shows the TPR, FPR, and FNR values for each breathing phase for all 30 partici-
pants (Supplementary: Data S3). The mean inferred rates were taken as the lower bound of
the 95% ClIs for TPR and the upper bound for FPR.

Table 4. Stretch sensor’s accuracy data when compared to the ground-truth data.

Lower Upper Mean Inferred with

Breathing Parameter Mean Bound Bound 95% CI
Normal TPR 90 85 94 85
Normal FPR 1 0 1 1
Normal FNR 10 5 14 14

DSB TPR 97 94 98 95
DSB FPR 3 1 4 4
DSB FNR 3 1 5 5

4. Discussion

The primary goal of this study was to evaluate the accuracy of the prototype sensors
against gold standard equipment. The results suggest that the prototype sensors used in
conjunction with a custom data processing algorithm, except the in-ear sensor, can provide
an acceptable level of accuracy.

In terms of ICC values, both prototype sensors showed excellent correlation when
measuring RMSSD. This suggests that there is excellent consistency between the two
prototype sensors and the ECG system. However, Bland and Altman have criticised the use
of ICC when assessing agreement between two instruments [71]. If the variance between
subjects is high, which was the case in the range of HRV values of the participants, ICC
results are biased towards higher values [72]. Hence, correlation coefficients denote high
reliability but not necessarily high agreement in this case.

Only the fingertip-based sensor measured RMSSD with an acceptable level of agree-
ment (LOA error % less than 30%) [61,62] during both breathing phases. Based on this
outcome, the fingertip-based sensor can be used with either breathing protocol.
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HFNU measurements had a high percentage of error during DSB as the protocol used
six breaths/minute (0.1 Hz) cues, which was outside the HF band range (0.15 to 0.4 Hz).
During normal breathing, the error percentage for measuring HFNUs using the fingertip-
based sensor was just within the acceptable range (29.70%), whereas the in-ear sensor’s
65.90% was well above the acceptable limit range. Hence, only the fingertip-based sensor
was sufficiently accurate in measuring HFNUs during the normal breathing protocol.

Opverall, the fingertip-based sensor showed lower LOA error % and higher ICC values
compared to the in-ear sensor and had an acceptable agreement when compared to the gold
standard ECG system. The 75 Hz sampling rate is a limiting factor for the fingertip-based
sensor’s accuracy as it provides a 13.3 ms resolution. This causes a loss of precision when
measuring RMSSD for recording values less than 20 ms. Various publications suggest
that RMSSD reduces with age and normative values can be below 20 ms, even in healthy
populations above the age of 50 years [73-75]. However, the sensor showed excellent
correlation when compared to the gold standard, suggesting that trends in changes in
RMSSD values can be captured even with a higher error percentage at lower RMSSD values.

In the case of respiration state detection, the stretch sensor had an acceptable level
of accuracy during both breathing protocols. The mean TPR with 95% CI (85%) during
normal breathing would ensure that the stimulation would be imparted during at least
85% of the exhalations. While it had a better mean TPR (95%) during DSB, the use of the
DSB cue was only a backup option in case the strap failed to detect the start of exhalation
with sufficient accuracy. Whether these levels of TPR/FPR are efficacious or not is an open
question that can only be resolved with an experimental study of respiratory-gated taVINS.

Strengths and Limitations

This is one of the few studies comparing the accuracy of data reported by an in-ear
and fingertip-based sensor for calculating HRV parameters (RMSSD and HFNUs) when
compared to a gold standard 12-lead ECG system. The fingertip-based sensor used in this
study is a clinical device for measuring pulse oximetry and heart rate only [38]. We utilised
additional data from the sensor to derive RR intervals and expanded its applicability. A
custom signal-cleaning algorithm, like the one developed during this study, is essential in
improving the accuracy of HRV estimates.

A few limitations of this current study should be noted. The sample size was relatively
small (30), although the participants belonged to varied age groups and ethnicities. A
larger sample size is required to further analyse whether there are any differences in sensor
accuracy based on gender, age, and ethnicity. Based on this study’s observations, the low
sampling rate for the fingertip-based sensor would result in a higher error percentage
for participants with RMSSD values lower than 20 ms. Future studies may look at the
impact of low sampling rate PPG systems in measuring HRV in people with low RMSSD.
The accuracy of the sensors used is likely dependent on the proper fitting and minimal
movement of the hand/finger (for the fingertip-based sensor) or the head/jaw (for the
in-ear sensor). Finally, the estimates here only apply to average values over a 10 min
window, as this suited our intended application of taVNS. The consistency and agreement
between sensors remains unknown over shorter periods and may not be the same.

5. Conclusions

This study set out to determine the accuracy of the prototype in-ear and fingertip-based
sensors in measuring HRV parameters that reflect changes in cardiac vagal tone. The results
show that the fingertip-based sensor is the most accurate in measuring RMSSD during
either breathing protocol. Next, it set out to determine the accuracy of the respiration
stretch sensor in detecting the exhalation phase. The results show that the respiration
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stretch sensor had an acceptable level of accuracy during either breathing protocol. Finally,
we wanted to determine whether the DSB protocol was necessary to assist with respiration
phase detection, and the results show that the strap has an acceptable level of accuracy
during normal breathing; hence, the DSB protocol is not necessary.

Supplementary Materials: The following supporting information can be downloaded at: https:
/ /www.mdpi.com/article/10.3390 /525051485 /s1. PDF S1: SPSS ICC results for fingertip sensor; PDF
52: SPSS ICC results for ear sensor; Data S1: HRV values for each participant from each device; Data
52: Mean of ECG and each sensor’s HRV values; Data S3: Respiration data summary; Data S4: List
of exclusions from respective datasets; Data S5: Data formatted for processing in SPSS for fingertip
sensor; Data S6: Data formatted for processing in SPSS for in-ear sensor.
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