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Abstract

Background: Heart rate variability (HRV) biofeedback is often performed with structured education, |ab-based assessments, and
practice sessions. It has been shown to improve psychological and physiological function across populations. However, a means
to remotely employ and monitor this approach would alow for wider utilization of this technique. Advancements in wearable
and digital technology presents an opportunity for the widespread application of this approach.

Objective: The primary aim of the study was to determine the feasibility of fully remote, self-administered short sessions of
HRV -directed biofeedback in a diverse population of health care workers. The secondary aim was to determine whether a fully
remote HRV -directed biofeedback intervention significantly alters longitudinal HRV over the intervention period, as monitored
by wearable devices. The tertiary aim was to estimate the impact of thisintervention on metrics of psychological well-being.

M ethods: To determine whether remotely implemented short sessions of HRV biofeedback can improve autonomic metrics and
psychological well-being we enrolled healthcare workers across seven hospitals in New York City, NY, USA. Subjects
downloaded our study app, watched brief educational videos about HRV hiofeedback and employed a well-studied HRV
biofeedback program remotely through their smartphone. HRV biofeedback sessions were employed for 5 minutes per day for 5
weeks. Subjects were then followed for 12 weeks after the intervention period. Psychological measures were obtained over the
study period and subjects wore an Apple Watch for at least 7 weeks to monitor the circadian features of HRV.

Results: A total of 127 subjects were enrolled in the study. Numerical improvement in psychological metrics was observed over
the 17-week study period, though it did not reach statistical significance. Using a mixed effect cosinor model, the mean Mesor of
the circadian pattern of the standard deviation of the interbeat interval of normal sinus beats (SDNN), a HRV metric, was
observed to increase over the first 4 weeks of the biofeedback intervention in subjects who were at least 50% compliant.

Conclusions: In conclusion, remote short sessions of HRV biofeedback may improve psychological well-being and autonomic
nervous function and warrant further study. Wearable devices are able to monitor physiological effects of psychological
interventions.

(IMIR Preprints 15/12/2023:55552)
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ABSTRACT:

Background: Heart rate variability (HRV) biofeedback is often performed with structured
education, lab-based assessments, and practice sessions. It has been shown to improve
psychological and physiological function across populations. However, a means to remotely
employ and monitor this approach would allow for wider utilization of this technique.
Advancements in wearable and digital technology present an opportunity for the
widespread application of this approach.

Objective: The primary aim of the study was to determine the feasibility of fully remote,
self-administered short sessions of HRV-directed biofeedback in a diverse population of
health care workers. The secondary aim was to determine whether a fully remote HRV-
directed biofeedback intervention significantly alters longitudinal HRV over the intervention
period, as monitored by wearable devices. The tertiary aim was to estimate the impact of
this intervention on metrics of psychological well-being.

Methods: To determine whether remotely implemented short sessions of HRV biofeedback
can improve autonomic metrics and psychological well-being we enrolled healthcare
workers across seven hospitals in New York City, NY, USA. Subjects downloaded our study
app, watched brief educational videos about HRV biofeedback and employed a well-studied
HRV biofeedback program remotely through their smartphone. HRV biofeedback sessions

were employed for 5 minutes per day for 5 weeks. Subjects were then followed for 12
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weeks after the intervention period. Psychological measures were obtained over the study
period and subjects wore an Apple Watch for at least 7 weeks to monitor the circadian
features of HRV.

Results: Atotal of 127 subjects were enrolled in the study. Overall, only 21 subjects were at
least 50% compliant with the HRV biofeedback intervention, representing a small portion of
the total sample. This demonstrates that the current study design does not feasibly result in
adequate rates of compliance with the intervention. Numerical improvement in
psychological metrics was observed over the 17-week study period, though it did not reach
statistical significance. Using a mixed effect cosinor model, the mean Mesor of the circadian
pattern of the standard deviation of the interbeat interval of normal sinus beats (SDNN), a
HRV metric, was observed to increase over the first 4 weeks of the biofeedback
intervention in subjects who were at least 50% compliant.

Conclusions: In conclusion, we found that employing brief remote HRV biofeedback
sessions and monitoring its physiological effect using wearable devices, in the manner that
the study was conducted, was not feasible. This is considering the low compliance rates
with the study intervention. We found that remote short sessions of HRV biofeedback
demonstrate potential promise in improving autonomic nervous function and warrant further

study. Wearable devices can monitor physiological effects of psychological interventions.

Key Words: Heart Rate Variability, Biofeedback, Wearable Devices, Resilience
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INTRODUCTION

Mental health conditions are common, with approximately 25% of the population in
the United States experiencing a mental health disorder in a given year.! Since the Corona
Virus Disease 2019 (COVID-19) pandemic there have been increasing rates of anxiety,
depression and other psychological conditions.? This has disproportionately impacted
healthcare workers (HCWs) who are at a high risk of depression, anxiety, insomnia and
distress compared to the general population.*® Over half of physicians and approximately
40% of nurses in the United States suffer from burnout, which is almost twice that of other
professions.” Additionally, during the COVID-19 pandemic approximately 1 in 5 HCWs were
experiencing some degree of PTSD.® Thus, HCW represent a vulnerable population in
which the further study of mental health interventions is needed.

Unfortunately, access to mental health services can be limited.® Digital technologies,
including smartphone apps and wearable devices, provide an opportunity to improve
healthcare access and aid mental health professionals in the management of psychological
conditions. Collectively they can assess subjective and objective metrics of psychological
and physiological well-being. Apps can remotely collect validated psychological
assessments while wearable devices are able to monitor physiological metrics such as
heart rate variability (HRV), a hypothesized indirect measure of the autonomic nervous
system (ANS).'>® HRV is a measure of the physiological variation in the time intervals
between adjacent heartbeats. It is hypothesized to be generated by heart-brain
interactions and ANS processes reflecting the activity of sympathetic and parasympathetic
nervous system tone on heart rate.'%*°

Higher HRV has been associated with reduced frustration, higher performance, and
positive psychological adjustments.*® Reduced HRV has been associated with reduced self-
regulation, variable degrees of psychological tension, and anxiety.*’*® Oscillations in heart
rate occur due to the influence of respiration on the sinoatrial node of the heart and central
nervous system respiratory pacemaker fluctuations. Interestingly at one resting respiratory

rate the relationship between breathing and heart rate is asynchronous, with the heart rate
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increasing following inhalation.'*?° This respiratory sinus arrhythmia is controlled by the
vagus nerve, with increased vagal output producing greater heart rate variation thereby
reflecting the parasympathetic influence on the heart.* It has been shown that the
amplitude of HRV is related to breathing frequency with maximum effect at a breathing rate
of 0.1Hz or 6 breaths per minute.*

Mind-body interventions, such as deep breathing exercises, can improve resilience,
psychological well-being, physiological functions, autonomic imbalance, mood,
cardiopulmonary output, and immune function.?** Adaptive changes in the central nervous
system, characterized as reduced sympathetic tone, have been described with these
exercises.?*? Achieving deep breathing rates of 4.5-6.5 breaths per minute results in higher
HRV indices compared to baseline, with higher parasympathetic and baroreflex function.?
This has been shown to positively impact physical function, athletic performance, quality of
life, and psychological features such as anxiety, depression and resilience.®**** The
individual breath per minute rate producing the optimal HRV effect (resonance frequency)
can be determined from measures of the heart and respiratory rate in real-time biofeedback
sessions.* Changes in HRV secondary to respiratory rate modification can create a positive
feedback loop further increasing HRV respiratory changes, elicited through biofeedback.*®

Biofeedback is a self-regulatory behavioral method that trains individuals to control
physiological function through real time information about these physical parameters.3* HRV
biofeedback involves the real-time visualization of HRV metrics and breathing’s effect on
this metric. It has been shown to increase HRV in adults.**>®*" There is significant empirical
support for the use of office or laboratory based HRV biofeedback programs for the
improvement of psychological conditions. In a recent meta-analysis of 14 studies HRV
biofeedback was shown to improve depressive symptoms in several psychophysiological
conditions, as well as increase psychological well-being.*® Large reductions in self-reported
stress and anxiety have been demonstrated with HRV directed biofeedback,®* as well as
positive impacts on anger, athletic performance, sleep, and quality of life.* A systematic
review of HRV biofeedback further demonstrated significantly improved symptoms of
anxiety, depression, panic disorders and post-traumatic stress disorder in 70% of the
included studies.*

However, despite the effectiveness of HRV directed biofeedback, there are
limitations to the implementation of such a technique. These interventions often rely on

structured training and computer/lab-based practice sessions that are often performed in
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the laboratory setting. This makes it challenging to broadly implement such techniques
limiting access to populations that may be most likely to benefit. This has prompted several
studies employing HRV biofeedback remotely and outside the lab setting with computer
based programs that demonstrated effect.*****? An additional significant obstacle to HRV
biofeedback is the length of time required for each session, which can last up to 40
minutes.”® Most also incorporate at least one laboratory session per week in addition to the
daily home sessions.** These long and structured sessions however limit the ability of
individuals to institute a HRV biofeedback program into their daily life. Short sessions of
HRV biofeedback might therefore provide a greater impact if they are able to elicit an
autonomic response. Interestingly, short sessions of HRV biofeedback can successfully
modify HRV and improve regulation of emotional reactivity and therefore warrant further
evaluation.”**® Gross et al. utilized five short 3-5-minute HRV biofeedback sessions.
However, these were led by in-person practitioners.*” They demonstrated that HRV was
successfully moderated and increased during these sessions, however, it was not changed
overall from pre- to post-training. Deschodt-Arsac et al. furthered the evaluation of short
session HRV biofeedback by evaluating a twice daily 5-minute biofeedback session in
athletes demonstrating an increase in autonomic function and decrease in anxiety levels.*
HRV measurements during and after biofeedback sessions evaluating physiological
effect are often over brief time periods and are in the clinic/lab setting. This limits the
evaluation of its effectiveness on an individual’s physiological status, and further restricts
biofeedback sessions to the office setting. Wearable devices provide a potential means to
assess HRV remotely, passively, and outside the laboratory setting and thus a possible
means to monitor HRV biofeedback in a real-world setting. Wearable based HRV
assessment can be performed via either electrocardiography (ECG) or
photoplethysmography (PPG). ECG is the gold standard for HRV assessment as the
graphical representation of cardiac activity enables calculation of beat-to-beat intervals with
reliability to the millisecond level.”®* Most commercially available wearables and all wrist or
hand worn devices that measure HRV, rely on PPG technology. PPG tracks heart beats by
measuring the alterations of light from an LED that reaches a photodiode created by
pressure changes in veins with each heartbeat.*® Several studies have employed wearable
devices to assess response to HRV directed biofeedback sessions. However, these have
primarily utilized wearables that both monitor and implement biofeedback at the same time.

Chung and colleagues demonstrated in a small pilot study that the Lief Smart Patch, can
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assess and deliver HRV directed biofeedback to effectively modify HRV. However, HRV
assessments, generated from an ECG tracing, were over very brief periods of time around
the biofeedback sessions.® Similarly, Lin and colleagues demonstrated that employing a
HRV biofeedback wearable device for a least 4 weeks was needed to demonstrate an effect
on HRV.”® However, studies that have evaluated sensor type preference in biofeedback
have found that participants prefer wrist or arm worn sensors for monitoring.>* Given the
ubiquitous use of commercial smart watches, many of which measure HRV, there is an
opportunity to expand HRV directed biofeedback monitoring with such devices. Commercial
devices such as the Apple Watch'***** fPolar V800'**°, Empatica E4 wristband>® and
FitbitChargeHR®’ have been shown generate valid and reliable assessments of heart rate
and HRV, with high agreement with ECGs. Furthermore, the use of HRV calculated via
PPG signatures has been shown to be a reliable and valid method for the assessment of
HRV in the setting of HRV directed biofeedback.>®

Thus, the potential benefits of short sessions of HRV biofeedback coupled with the
growth of digital technologies and wearable devices presents an opportunity to expand the
application and monitoring of HRV directed biofeedback. To evaluate this approach, we
launched a feasibility study to evaluate smartphone based short sessions of HRV
biofeedback in HCWs and monitored its impact using common commercially available

wearable devices.

OBJECTIVES

The primary aim of the study was to determine the feasibility of fully remote, self-
administered short sessions of HRV-directed biofeedback in a diverse population of HCWSs.
We hypothesized that fully remote HRV-directed biofeedback would have high compliance
rates by HCWs. The secondary aim was to determine whether a fully remote HRV-directed
biofeedback intervention significantly alters longitudinal HRV over the intervention period.
We hypothesized that HRV-directed biofeedback would significantly alter longitudinal HRV
measurements. The tertiary aim was to estimate the impact of this intervention on metrics
of psychological well-being. It was hypothesized that psychological well-being would
improve with HRV-directed biofeedback. Study feasibility will be assessed by the percent of
subjects who are at least 50% compliant with the intervention over the study period.

https://preprints.jmir.org/preprint/55552 [unpublished, peer-reviewed preprint]
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METHODS

Study Design

The Warrior Shield Study was an open-label prospective pilot clinical trial that
enrolled HCWs across 7 hospitals in New York City (Figure 1). Participants were recruited
from The Mount Sinai Hospital, Morningside Hospital, Mount Sinai West, Mount Sinai Beth
Israel, Mount Sinai Queens, New York Eye and Ear Infirmary, and Mount Sinai Brooklyn.
Eligible participants were 18 years of age or older, an employee at one of the participating
sites, had an iPhone series 6 or higher and had or were willing to wear an Apple Watch 5 or
greater. Potential participants were excluded if they had an underlying chronic disease or
used a medication that is known to impact autonomic nervous system function. The study
was retrospectively registered on Clinicaltrials.gov (NCT05958329).

Subjects were recruited from the participating hospitals via emails sent to hospital
employees and through study flyers (Supplemental Figure 1) placed in hospital common
areas, including cafeterias and lobbies. Furthermore, participants who completed other
digital studies run by our group were messaged with information about this current study.
Participants were provided with a $50 gift card after completing 6 weeks of study activities.
If a participant did not have an Apple Watch, he or she was able to borrow one for the
duration of the study. This was returned to the research staff upon completion of the study.
Additionally, the participants had to return the HeartMath inner Balance biofeedback device

at the end of the study.

Study Procedures

Participants downloaded our ehive study app to their smartphones and self-verified
inclusion and exclusion criteria prior to signing electronic consent. Subjects then
electronically requested their HeartMath Inner Balance biofeedback device and an Apple
Watch if they did not have one of their own wearable devices. Participants were
recommended to wear the Apple Watch for a minimum of 8 hours per day. Upon receiving
the Inner Balance device and after at least 7 days of wearing the Apple Watch, participants
started the HRV biofeedback intervention, as described below. This continued for 5 weeks.

Validated surveys to assess psychological well-being were completed at baseline in the

https://preprints.jmir.org/preprint/55552 [unpublished, peer-reviewed preprint]
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ehive app. Surveys were repeated at week 5, week 7, and at week 17. Subjects were asked
to wear the Apple Watch for at least 7 weeks after starting the intervention to enable HRV
monitoring. Subjects were reminded to participate in the study via regularly scheduled push

notifications to their smartphones and automated email reminders sent by the study team.

ehive app

The ehive app is the centralized digital research platform of The Hasso Plattner
Institute for Digital Health at Mount Sinai Hospital, New York, NY. The patient facing portion
of the platform is a smart phone app, which enables electronic consenting of participants.
Customizable patient reported outcomes measures and other tasks such as the study
surveys and weekly study videos are embedded in the app and can be tracked for
compliance. ehive can track participant compliance and engage participants through light
touch measures such as customized push notifications and customized emails to
participants to maintain engagement. ehive has been downloaded by over 1,484
participants and been used to collect over 51 million wearable based data points and over
132,241 surveys.™

Survey Instruments

Several validated surveys were evaluated throughout the intervention period. The
Connor Davidson Resilience Scale-10 (CD-RISC-10) is a 10-question survey that measures
resilience. Higher scores reflect higher resilience, with each question graded on a 5-point
Likert scale.® The following question is an example of what is included in the survey: “I am
able to adapt when changes occur”. The 2-item PROMIS Emotional Support Questionnaire
is graded from 2-10 points, with higher scores reflecting higher perceived emotional
support. It measures whether an individual has someone who will listen to them and with
whom they can discuss their feelings.®® An example of a question included in this survey is,
“I have someone who will listen to me when | need to talk”. The Perceived Stress Scale 10
(PSS-10) is a validated survey assessing perceived stress. It is 10 questions scored from O
to 40, with higher scores correlating with elevated perceived stress.®* An example item in
this survey includes, “In the last month, how often have you been upset because of
something that happened unexpectedly?” The 2-item Global Health and Quality of Life

scale asks participants to grade how their quality of life and health are in general. Higher
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scores correlate with lower health and quality of life.®® The following is an example gquestion
included in this survey: “In general, would you say your health is excellent, very good, good,
fair, or poor?” The Patient Health Questionnaire- 4 (PHQ-4) is a 4-question survey that
screens for anxiety and depression and is graded from 0-12 points. Higher scores reflect
more severe impairment.®> An example question from this survey is, “Over the last week,
how often have you been bothered by the following problem? Feeling nervous, anxious or
on edge”. The NIH PROMIS Positive Affect and Wellbeing scale is a 23-question survey
graded on a 5-point Likert scale. Higher scores reflect higher degrees of positive affect and
well-being.®® The following question is an example from this survey: “Lately | had a sense of

well-being never, rarely, sometimes, often or always?”

HeartMath Intervention

The HeartMath biofeedback system (HeartMath, LLC, Boulder Creek, California) is
developed by the HeartMath Institute, which is a nonprofit research and educational
organization that develops and provides easy to use self-regulation tools focused on HRV
biofeedback.® Its tools and technigues have been tested in a range of settings with good
efficacy and uptake in conditions ranging from blood pressure, heart failure, stress and
trauma syndromes.®>®® |t is employed in a range of settings and has been widely
implemented in the health care industry, being offered to HCWs and patients at institutions
such as Kaiser Permanente and the Veteran Administration Hospitals and Clinics.®" The
Inner Balance app combines a smart phone app (Supplemental Figure 2) with an optical
ear sensor enabling real time HRV visualization, assessment and optimization during
biofeedback sessions. Subjects downloaded the Inner Balance App to their smartphone and
set up an account using the login information provided by the study team. HeartMath’'s
Inner Balance pulse sensor clips on the participants ear and links via blue tooth directly to
an individual’'s smartphone. The sensor contains an optical photodetector that samples up
to 125hz providing real-time HRV assessment. Clip on ear sensors have been shown to
provide an accurate assessment of HRV compared to ECG."* Through HRV calculations, it
produces an index of coherence, as a percentage of time in high, medium or low
coherence, through breathing and self-generated positive emotions.”” A flower shaped
central visual pacer is present in the app, which paces a participants breathing. Through

integration with sensed HRYV, the app is able to reinforce the correct technique for HRV
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optimization.®*"%"

Subjects used the Inner Balance App for one 5-minute session per day for a total of 5
weeks. Compliance was tracked remotely via the HeartMath system. HRV biofeedback
sessions are usually supplemented with in-person or structured education sessions. To
enable learning remotely, weekly educational videos were provided to participants in our
custom ehive app. Five weekly videos provided information on (1) how to the use of the
technology, (2) an introduction to HRV, biofeedback, and coherence, (3) a description of
what coherence is and how it works, (4) how to incorporate biofeedback techniques into
everyday life, (5) reinforcement of what is learned in prior videos. Each video was less than

20 minutes in length and could be watched over the course of the week.

Wearable Device

HRV was measured by the Apple Watch Series 5 or 6 that was worn by participants
throughout the intervention and post-intervention period. The Apple Watch contains a
photoplethysmograph optical sensor with both a green light diode and light sensitive
photodiode.” This creates time series peaks which are filtered for ectopic beats and used to
generate interbeat intervals. HRV was automatically calculated by the Apple Watch using
the standard deviation of the IBI of normal sinus beats (SDNN).”® SDNN is a time domain
HRV metric that reflects both sympathetic and parasympathetic nervous system activity.*°
The only HRV metric available from the Apple Watch is SDNN. Multiple HRV
measurements were generated by the Apple Watch throughout each 24-hour period in
which individuals were wearing the device. This data was retrieved through our ehive app.
The Apple watch calculates each of these SDNN measurements over 60-second windows,
with a bias toward nighttime measurements, to minimize artifacts in the readings. The
algorithms employed by the Apple Watch for artifact rejection and ectopic beat handling are
proprietary and not publicly available, however likely employ well described algorithms in
this space.® While this is a limitation, the PPG based HRV calculations from Apple Watches

have been validated against ECG.**"”

Statistical Analysis

Data are presented descriptively as means and standard deviations or frequency
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and percentages, as appropriate. Mean values for each psychological assessment were
obtained at baseline, just prior to initiation of HRV biofeedback, at week 5, week 7 and
week 17. Changes over time in the psychological assessment were analyzed using mixed
effects models with subjects as random effects. Week 5, week 7 and week 17 survey
results were each compared for statistical differences to the baseline values.

HRV is captured by the Apple Watch in a relatively sparse and non-uniform sampling
and follows a circadian pattern.”” To account for frequent daily measures of HRV that are
collected from wearable devices over a several week period, statistical methods that take
into account these changes are needed. Daily circadian rhythms have been previously
modelled by non-linear COSINOR methods.*® This approach models the circadian HRV
rhythm each day over a period of 24 hours and enables the data to be described utilizing
circadian parameters (Supplemental Figure 3): (1) MESOR: the midline of the rhythm, or a
rhythm adjusted mean, over the 24 hour period; (2) Acrophase: measure of the time of the
highest values that reoccur each day; (3) Amplitude: characterizes half the extent of the
variation in each 24 hour period. To fully utilize the cyclical nature of the physiological
metrics, as well as the longitudinal measurements, mixed effect cosinor models were used
to model HRV over time based on the cosinoRmixedeffects R package.® This expands the
non-linear COSINOR methods to account for repeated measurements over time. As has
been previously described, a cosinor model used the nonlinear function Y(t)=M + Acos(2Ttt/
T+ ¢ + ei(t), where T is the period (1=24 hours), M is the MESOR, A is the amplitude, and ¢
is the acrophase. This can be transformed into the linear model x=sin(27tt/1), z=sin(2Ttt/1),
with HRV written as Y(t)=M + Bxt + yzt + ei(t).?* Bootstrapping procedures were used to
calculate the confidence intervals of the model estimates. Age, sex, and BMI were included
as covariates in the HRV analyses with subjects as random effects.

HRV was evaluated using this above approach for each 7-day period of the study.
The baseline measurement reflects the 7-day period preceding initiation of the HRV
directed biofeedback. Each subsequent 7-day period, over the 7-week HRV observation
period, was compared to this baseline value. All analyses were carried out at the two-sided
0.05 significance level using SAS version 9.4 (SAS Institute Inc.) and R 4.2.2. Since this
was a proof-of-concept study, there was no adjustment for the multiplicity of hypothesis

testing.
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RESULTS

One hundred and twenty-seven subjects consented to the study between July 2021
to April 2022. The mean age of these subjects was 37.3 (standard deviation [SD] 10.6)
years old, with 93 (73.8%) being female. Seventy-two of these subjects started the
intervention and used the Inner Balance device at least one time (>0% compliance), while
49 subjects were at least 20% compliant, and 21 subjects were at least 50% adherent over
the 5-week intervention period (Table 1).

The percentage of subjects who watched the entire weekly video decreased over the
course of the study. A video introducing the study at enrollment was watched in its entirety
by 100% of subjects. The video at week 2 was watched in its entirety by 54% of subjects,
the week 3 video was watched by 47% of subjects, the week 4 video was watched by 42%
of subjects, and the week 5 video was watched by 39% of subjects. There was a
technology tutorial video which provided information about the Inner Balance system. This
was watched in its entirety by 65% of participants.

Overall, the acceptability of the study was good. Participants were asked how
satisfied they were with the HeartMath Intervention on a scale of 1 (not satisfied) to 7 (very
satisfied). Seventy-nine participants answered the question with a median score of 5. Out of
the 81 participants who answered the question as to whether they pursued additional
learning about HeartMath outside of the study, 17.3% reported in the affirmative.
Participants who pursued additional learning about HeartMath were more satisfied with the
HeartMath intervention, scoring their degree of satisfaction with a mean of 6.07 (SD 0.86)

compared to those who did not pursue outside learning (mean 4.45 [SD 1.52]).

Psychological Assessment

In participants who were at least 50% compliant (N=21) with the Inner Balance
device resilience scores were noted to numerically increase between the baseline
assessment, week 5, week 7, and week 17. However, none of these values differed
significantly from the baseline assessment. Social support scores (2-item PROMIS
Emotional Support Questionnaire) similarly demonstrated a numerical increase from
baseline (8.13; [standard deviation (SD) 1.46]), to week 5 (8.60 [SD 0.89]), week 7 (9.80
[SD 0.45]), and week 17 (8.67 [SD 2.31]). None of these increases were statistically
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significant compared to the baseline assessment. Stress scores (PSS-10) numerically
decreased in the =50% compliant cohort, dropping from 20.63 (SD 5.95) at baseline to
10.67 (SD 7.77) at week 17. The change in stress scores at week 5 (p=0.24), week 7
(p=0.45) and week 17 (p=0.26) were not significantly different compared to the baseline
assessment. PHQ-4 scores, which increase when there is greater psychological
impairment, decreased from baseline through week 17. In the 250% compliant cohort there
was not a statistically significant change in these values, compared to the baseline
assessment, at week 5 (p=0.83), week 7 (p=0.55), or week 17 (p=0.38). NIH PROMIS
Positive affect and well-being scores rose as well over the 17-week period in the >50%
compliant cohort, reflecting increasing positive affect and well-being. Due to the small
number of individuals in this cohort we were not able to calculate p values for this
comparison. The 2 item Global Health and Quality of Life scale increased over the
observation period, demonstrating higher quality of life. This change, compared to baseline,
did not reach the level of statistical significance at week 5 (p=0.50), week 7 (p=0.62), or
week 17 (p=0.36). Overall, psychological assessments additionally demonstrated numerical
improvement over the 5-week intervention period and through the 17-week follow-up period
in those who used the Inner Balance device at least once and in those who were = 20%

compliant, though they did not differ significantly from the baseline assessments (Table 2).

Physiological Metrics

There was an average of 4.7 (SD 3.5) HRV measurements obtained per participant
per day. The average length of time of each sample was 59 seconds. The median SDNN
value obtained in the full cohort was 38 ms with a minimum and maximum value of 10 ms
and 200 ms. We fit a cosinor model evaluating differences in HRV (SDNN) each week over
the 5-week intervention period and over the two weeks following the intervention period.
There were no significant changes from baseline in the amplitude or acrophase of the
circadian pattern of SDNN in all 3 compliance groups (Table 3). Significant changes were
noted in the MESOR of the circadian pattern of SDNN in subjects who are >50% compliant
with the intervention. In this group, the mean MESOR was 50.20 (95% CI, 41.16-58.78)
during the baseline 7-day period. A numerical but not significant rise (p=0.12) in the
MESOR was observed during the first week of the intervention (mean 52.59 [95% CI 43.65-

61.08]). There were significant changes in the mean MESOR of the circadian pattern of
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SDNN found during week 2 (mean 55.00 [95% CI, 46.11-63.37], difference 4.80 [95% ClI,
1.63-7.91], p<0.001), week 3 (mean 54.25 [95% CI, 45.27-62.76], difference 4.04 [0.64-
7.00], p=0.01), and week 4 (mean 55.70 [95% CI, 46.77-63.94], difference 5.50 [2.31-8.60],
p<0.001) compared to baseline (Figure 2). The MESOR during week 5 of the intervention
and during the two weeks after the end of the intervention did not demonstrate significant
changes compared to baseline.

In the participants who used the Inner Balance device at least once and in those who
were = 20% compliant with the intervention, there was only one significant change in the
MESOR observed over the 7 week follow up period. There was a significant change in the
MESOR of the circadian HRV pattern in subjects with > 0% compliance with the
intervention during week 1 (mean 45.46 [95% CI, 39.30-51.58]; difference 1.48 [95% CI,
0.10-2.88], p=0.04), compared to the baseline 7-day period.

DISCUSSION

Overall, we found that employing brief remote HRV biofeedback sessions and
monitoring its physiological effect using wearable devices, in the manner that the study was
conducted, was not feasible. This is considering the low compliance rates with the study
intervention. However, there was a numerical improvement in all psychological metrics over
the intervention period and participants who were compliant had a measurable
physiological change in wearable assessed HRV. In addition, participants were in general
satisfied with the HeartMath system that was employed. This supports the potential for at-
home HRV directed biofeedback and wearable based monitoring to be effective, but only
when participants are engaged. Our findings highlight the challenges with maintaining
engagement in large remote intervention studies.

Our present study built on the existing literature supporting the use of short sessions
of HRV biofeedback by employing a short 5-minute HRV biofeedback session that could be
performed on an individual's smartphone. Furthermore, it took the structured education that
often-accompanies biofeedback and divided it into easily digestible short videos which
individuals could absorb at their own pace. This framework pilots an approach that enables
the intervention to be employed by individuals who might not have the time to engage in a
more structured program. Furthermore, while the physiological effects of biofeedback are

often evaluated through brief HRV assessments, we employed a commonly used
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commercial wearable device to monitor its impact. While HRV data was available from the
Heartmath device during the short biofeedback sessions, this represented only a very brief
assessment of physiological effect in a relatively small number of compliant subjects
(N=21). These measurements do not assess the interventions sustained effect on an
individual's physiological parameters, which is of primary interest in this study. Therefore,
our focus was on analyzing and leveraging the longitudinal HRV data provided by the Apple
Watch. The benefit of this approach is twofold in that it can unobtrusively monitor the
interventions effect and evaluate the intervention’s impact over longer periods of time
through its assessment of circadian features of autonomic function. Importantly, we
demonstrated that the MESOR of the circadian pattern, which reflects the mean HRV
reading over the observation period, increased in participants compliant with the
intervention, reflecting increased parasympathetic tone. Prior studies have demonstrated
that commercially available wearable devices may be able to monitor and identify
psychological states through HRV monitoring.?># The results of this current study extend
these observations by demonstrating that commonly used wearable devices can potentially
be used to monitor the physiological effects of psychological interventions and warrant
further evaluation.

We employed the Heartmath system, which utilizes a well-studied HRV biofeedback
tool, as described above. We found that psychological metrics were numerically improved
with the intervention, however these changes did not meet statistical significance. A primary
driver of this observation is likely the low rate of adherence, as the number of people who
were at least 50% compliant with the intervention was only 21 individuals. While the trend in
improvement was evident in all 3 adherence groups, statistical significance may have been
met if the number of participants 250% compliant was larger or if rates of adherence were
well over 50%. Given the limited number of subjects we were not able to perform a
sensitivity analysis to determine the minimum adherence/engagement rate needed to elicit
an effect. However, the trends we observed in psychological metrics warrant further study
of this approach. Another potential hypothesis as to why we did not see statistical
improvement in the psychological metrics may be that the cohort is relatively healthy
compared to other groups undergoing psychological interventions. However, when we look
at psychological metrics such as resilience, we see that the mean CD-RISC-10 score for
our entire cohort was 27.05, compared to the general population’s mean of 31.8 (SD =

5.4).%* Therefore, our cohort is less resilient at baseline, and presumably would benefit from
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such an intervention. Interestingly, we did demonstrate that short sessions of HRV
biofeedback are able to significantly modify HRV. The performance of just half or more of
the 5-minute biofeedback sessions in 1 week significantly impacted the circadian features
of HRV and increased parasympathetic tone. While we did not observe this significant
difference during the 5™ week of the intervention in this cohort, the sample size was small,
and engagement varied week by week, likely explaining the drop in effectiveness in the final
week. During the two weeks after the intervention period, HRV was not significantly different
from baseline. This observation demonstrates that sustained employment of short sessions
of biofeedback are required for ongoing physiological effect. This is an important finding, as
there are scarce studies evaluating the long-term impact of HRV biofeedback on HRV
metrics, with few studies demonstrating sustained short-term effects.®®® Further study
evaluating the duration of physiological effect are needed.

While 127 participants initially joined the study, only 21 subjects used the
intervention at least half of the time. While low rates of persistent engagement can be seen
across remote digital psychological intervention studies, future work employing this remote
biofeedback intervention should focus on direct means to maintain engagement. This could
include coaching models or community based engagement such as “leaderboards”.?®
Additionally, dedicated study coordinators checking-in with each participant could potentially
improve adherence and subject engagement. Adherence may be increased by focusing
recruitment efforts on individuals most interested in biofeedback programs. Our recruitment
methods opened the study up to any HCW across multiple hospitals. However, focusing
recruitment efforts on individuals interacting with hospital psychological support systems
would engage individuals more likely to be interested in performing psychological
interventions. Furthermore, we could hypothesize that the most engaged subjects may
have some degree of knowledge or interest in digital technologies, given the employment of
apps and wearable devices. Therefore, such programs may be most effectively deployed in
tech savvy populations. While 79 participants rated the acceptability of the Heart Math
system, and were overall satisfied with it, we unfortunately did not have qualitative data
regarding its acceptability or feasibility.

There are several additional limitations to our study. One important limitation is the
limited external evaluation of Apple Watch generated HRV measurements. There have
been several studies evaluating and validating the Apple Watch’'s accuracy in measuring
HRV. These studies have compared calculations derived from metrics collected from the
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Apple Watch with ECG measures. Ahmad and colleagues demonstrated that in 6 healthy
subjects HRV acquired from RR interval estimates derived from Apple Watch measures of
heart rate are reasonable estimates of HRV derived from an ECG.** Similarly, Hernando
and colleagues validated the RR intervals derived from the Apple Watch and the HRV
metrics calculated from these series against reading derived from a single lead ECG
acquired from the Polar Band in 20 subjects.? Khushhal and colleagues performed a
similar study in 21 individuals during exercise, demonstrating agreement in HRV metrics
calculated from Apple Watch outputs compared to the Polar HR monitor.>® These studies
demonstrate that Apple Watch metrics, used in the calculation of HRV by the device, are
valid. However, the algorithms describing how the Apple Watch cleans the PPG data for
ectopic beats and artifacts is not publicly available and therefore there is limited data
demonstrating how Apples calculated HRV metrics compare to ECG derived measures.
While this is a limitation of the study we still incorporated the Apple Watch as it also serves
the important purpose of demonstrating the potential for commonly used commercial
devices to monitor the effect of HRV directed biofeedback. HRV was only assessed in one-
time domain metric (SDNN) in this study, limiting the evaluation of other HRV metrics with
our study outcomes. However, SDNN is one of the most common HRV features evaluated
when studying resilience or the impact of HRV on psychological or physiological features.*®
Further study evaluating other HRV metrics is needed in the future to determine how other
HRV parameters are impacted by short sessions of remote HRV-biofeedback. Another
limitation is that we did not have exit surveys to understand why certain individuals were not
compliant with study components, such as watching weekly videos or using the HeartMath
device consistently. Lastly, a final limitation is that HRV is not specific and can be impacted
by many environmental factors beyond the covariates we controlled in our analysis. This is
an important limitation to recognize as there is the potential for unmeasured covariates to

impact our results, including such things as ongoing tobacco use and menstrual cycles.
CONCLUSION

We demonstrated that fully remote short HRV biofeedback sessions, employing light
touch engagement measures, have low rates of compliance. However, we did find
numerical improvement in psychological assessments over the intervention and follow up

period and alterations of wearable assessed HRV measures in compliant individuals. This
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supports the need for further evaluation of remotely employed short sessions of HRV
biofeedback and of the use of wearable devices to monitor response if higher rates of

engagement can be achieved.

Data Sharing: The datasets generated during and/or analyzed during the current study are

available from the corresponding author upon reasonable request.
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Table 1. Demographic information for subjects signing consent, those who employed the

intervention at least one time, those with at least 20% compliance, and those with at least

50% compliance.

Signed Compliance > Compliance > Compliance >
Consent 0% 20% 50%

Cohort Size 127 72 49 21
Age, mean 37.3 (10.6) 38.4(11.0) 38.0 (11.0) 37.7 (12.1)
Male sex, n (%) 33 (26.2) 22 (31.0) 13 (26.5) 5(23.8)
BMI, mean (SD) 25.3 (5.5) 25.3 (5.5) 25.3 (5.6) 27.3 (6.5)
Race, n (%)

Asian 32 (25.6) 15 (21.4) 11 (22.9) 2 (10)

Black 15(12) 9 (12.9) 6 (12.5) 3(15)

White 69 (55.2) 43 (61.4) 29 (60.4) 14 (70)

Native 2(1.6) 1(1.4) 1(2.1) 1(5)

Hawaiian

or Pacific

Islander

Unknown 4(3.2) 2(2.9) 1(2.1) 1(5)
Hispanic or 29 (23.8) 16 (23.5) 11 (23.4) 6 (30)
Latino, n (%)
Smoking- 103 (81.1) 57 (79.2) 40 (81.6) 17 (81)
never/rarely, n
(%)
Anxiety, n (%) 29 (24.4) 16 (23.5) 10 (20.4) 6 (28.6)
Depression, n (%) 25 (19.8) 15 (20.8) 10 (20.4) 6 (28.6)

Table 2. The mean psychological assessments are presented at baseline, week 5, week 7,
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and week 17 in each compliance group. The mean scores for each survey at week 5, week
7 and week 17 are compared against the baseline scores. P-values reflect the significance
of this comparison. Compliance groups are defined as those performing the intervention at
least one time, those with at least 20% compliance, and those with at least 50%

compliance.
Compliance > 0% Compliance = 20% Compliance = 50%
Mean (SD) Pvalue Mean (SD) P value Mean (SD) P value
CD-RISC- 10
Baseline 27.05 (7.20) 28.04 (7.80) 27.38 (5.66)
Week 5 27.67 (6.80) 0.15 27.31(5.92) 0.79 23.80 (7.66) 0.68
Week 7 27.94 (9.16) 0.05 28.22(9.00) 0.12 30.40 (6.95) 0.44
Week 17 32.50(3.42) 0.07 31.33(3.06) 0.37 29.00 (4.58) 0.95
2-item PROMIS
Emotional Support
Questionnaire
Baseline 8.45 (1.75) 8.48 (1.86) 8.13 (1.46)
Week 5 8.72 (1.13) 0.41 8.77 (1.09) 0.95 8.60 (0.89) 0.65
Week 7 9.00 (2.0) 0.12 9.00 (2.00) 0.27 9.80 (0.45) 0.27
Week 17 9.5 (1.0) 0.70 9.33 (1.15) 0.43 8.67 (2.31) 0.66
PSS-10
Baseline 16.53 (6.22) 17.26 (6.31) 20.63 (5.95)
Week 5 18.61 (6.41) 0.22 16.31(5.34) 0.64 17.00 (4.64) 0.24
Week 7 18.82 (6.59) 0.20 18.22 (6.24) 0.53 16.80 (7.85) 0.45
Week 17 12.63(7.91) 0.85 10.17 (7.59) 0.23 10.67 (7.77) 0.26
PHQ-4
Baseline 3.13(2.53) 3.61 (2.59) 4.25 (2.92)
Week 5 2.61 (2.38) 0.27 2.69 (2.53) 0.19 3.60 (3.78) 0.83
Week 7 2.71(2.39) 097  2.44(1.01) 0.40 2.60 (1.14) 0.55
Week 17 0.88 (0.63) 0.12 0.83 (0.76) 0.08 1.33 (1.53) 0.38
NIH PROMIS
Positive Affect-
Wellbeing Scale
Baseline 82.65 84.91 81.50 (10.88)
(18.08) (18.00)
Week 5 86.16 0.23 85.21 0.99 83.80 (15.59) NA*
(13.14) (11.89)
Week 7 88.99 0.19 90.33 0.32 93.60 (19.48) NA*
(16.55) (20.37)
Week 17 97.50 0.10 97.33 0.18 90.00 (4.24) NA*
(10.66) (13.05)
2-item Global Health
and Quality of Life
scale
Baseline 7.58 (1.54) 7.43 (1.44) 7.63 (1.41)
Week 5 7.61 (1.72) 0.78 7.31 (1.84) 0.60 8.60 (1.34) 0.50
Week 7 7.41 (0.80) 0.70 7.33 (1.00) 0.84 7.20 (0.84) 0.62
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Week 17 7.88(1.44) 063 850(0.87) 0.19 8.67 (0.58) 0.36

* P values unable to be calculated as the number of subjects was too small.

Table 3. The mean MESOR, amplitude and acrophase are presented for each week of the
observation period. HRV circadian parameters were calculated for each 7-day period of the
study, with the baseline readings representing the 7-day pre-intervention period.
Comparisons between each HRV metrics 7-day period and the baseline 7-day period were
performed. P-values reflect the significance of each comparison. Compliance groups are
defined as those performing the intervention at least one time, those with at least 20%
compliance, and those with at least 50% compliance.

Compliance > 0% Compliance = 20% Compliance = 50%
Mean  Differenc P Mean Differenc P Mean Differenc P
(95% e (95% value (95% e (95% value (95% e (95% values
Cl) Cl) S Cl) Cl) S Cl) Cl)
Mesor
Baseline 43.98 45.71 50.20
(37.84- (38.60 (41.16
49.93) - -
52.93) 58.78)
Week 1 45.46 1.48 0.04 46.83 1.12 (- 0.19 5259 2.38 (- 0.12
(39.30- (0.10- (39.65 0.53- (43.65 0.84-
51.58) 2.88) - 2.97) - 5.14)
54.11) 61.08)
Week 2 45.30 1.62 0.05 46.93 1.22 (- 0.18 55.00 4.80 <0.00
(39.46- (0.13- (39.75 0.68- (46.11 (1.63- 1
51.70) 3.31) - 2.88) - 7.91)
54.20) 63.37)
Week 3 44.83 0.85 (- 0.26 47.19 1.48 (- 0.10 54.25 4.04 0.01
(38.80- 0.60- (40.19 0.35- (45.27 (0.64-
50.85) 2.50) - 3.30) - 7.00)
54.36) 62.76)
Week 4 45.28 1.30 (- 0.10 47.24 1.53 (- 0.10 55.70 5.50 <0.00
(39.08- 0.17- (40.03 0.33- (46.77 (2.31- 1
51.42) 2.74) - 3.17) - 8.60)
54.51) 63.94)
Week 5 45.31 1.33 (- 0.09 47.25 1.54 (- 0.09 50.43 0.22 (- 0.89
(39.22- 0.14- (40.08 0.17- (41.43 3.47-
51.43) 2.95) - 3.46) - 3.69)
54.52) 59.14)
Week 6 45.36 1.38 (- 0.08 47.20 1.49 (- 0.11 50.33 0.12 (- 0.93
(39.23- 0.13- (40.07 0.22- (41.41 2.82-
51.42) 2.88) - 3.26) - 2.95)
54.36) 58.84)
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Week 7 4519  1.22 (-
(39.17-  0.44-
51.22)  2.75)

Amplitud
e
Baseline 4.30
(2.61-
5.94)
Week 1 4.37 0.07 (-
(2.63- 2.08-
6.15) 2.10)
Week 2 4.83 0.53 (-
(3.12- 1.76-
6.58) 2.58)
Week 3 4.45 0.15 (-
(2.59- 2.02-
6.18) 2.34)
Week 4 4.49 0.19 (-
(2.69- 2.18-
6.23) 2.01)
Week 5 3.91 -0.39 (-
(2.03- 2.56-
5.67) 1.75)
Week 6 4.28 -.0.02 (-
(2.56- 2.26-
5.96) 1.95)
Week 7 2.84 -1.46 (-
(0.99- 3.50-
4.60) 0.69)
Acrophas
e
Baseline -2.93 (-
3.35- -
2.53)
Week1l -2.79(- 0.14 (-
3.19-- 0.44-
2.40) 0.61)
Week2 -2.69(- 0.24 (-
3.05-- 0.24-
2.37) 0.75)
Week 3 -256(- 0.37(-
2.88-- 0.07-
2.24) 0.93)

Week 4 -3.32(- -0.39 (-
3.72--  0.96-
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0.14

0.94

0.63

0.88

0.87

0.71

0.98

0.16

0.59

0.29

0.15

0.16

46.66
(39.53

53.82)

3.55
(1.57-
5.61)
4.45
(2.49-
6.33)
4.75
(2.88-
6.62)
3.75
(1.80-
5.71)
4.73
(2.63-
6.79)
3.67
(1.55-
5.68)
4.08
(2.16-
5.95)
2.10
(0.08-
4.16)

-3.03

3.65--
2.33)
-3.25

3.71--
2.81)
-3.23
(_
3.69-
2.79)
-2.47
(_
2.89--
2.05)
-3.37

(_

0.95 (-
0.87-
2.66)

0.90 (-
1.23-
3.12)
1.20 (-
1.06-
3.62)

0.20 (-
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Figure 1. Participants were prospectively enrolled and followed for 17 weeks. Participants
wore their Apple Watch for at least 7 days prior to starting the intervention period (week 0)
and used it through week 7 of the study. The HeartMath device was used throughout the 5-
week intervention period. Participants answered surveys at baseline, week 5, week 7 and
week 17. Five weekly educational videos describing HeartMath and the basis behind the
intervention were available for viewing through the 5-week intervention period.

Weeks
-1 0 5 7 17

E_ Surveys 02 | videos HeartMath |:]ﬁ.ppIEWat|:h

Figure 2. (A) Plots show mean (95% CIs) HRV midline statistic of rhythm (MESOR),
amplitude, and acrophase for participants at baseline, week 5, and week 7. (B) Plots show
the average weekly circadian HRV rhythm for participants at baseline and over the first 7
weeks of the study period for subjects with at least 50% compliance (n=21).

https://preprints.jmir.org/preprint/55552 [unpublished, peer-reviewed preprint]



https://preprints.jmir.org/preprint/55552

JMIR Preprints Hirten et a

A MESOR Amplitude Acrophase
25 Week
£
N -
gt * —_— - 5
b 1 7
=

45+

24
r’1 5 .J % 0
B Week
0 1 2 3

57- i Week
7 1 T N N O D I e e s e ==, B N N i~ i .l kil - ey ey S R ST 0
el ot o e e e 2
=
g 4 5 -] d —
w = 4
g

—————————————————————————— - 5

B B 2t e e e === | e e e e e | S — 4D ___________________ a

51+ [ — Pt Ao o S - 7

-IZI 5 10 15 20 25 0 5 10 15 20 25 0 5 10 15 20 25 0 5 ‘ID 15 20 25
Time (hours)
References

1. Kessler RC, Berglund P, Demler O, Jin R, Merikangas KR, Walters EE. Lifetime prevalence and
age-of-onset distributions of DSM-IV disorders in the National Comorbidity Survey Replication. Arch
Gen Psychiatry. Jun 2005;62(6):593-602. doi:10.1001/archpsyc.62.6.593

2. Policy Brief: COVID-19 and the Need for Action on Mental Health. 2020.

3. Lai J, Ma S, Wang Y, et al. Factors Associated With Mental Health Outcomes Among Health
Care Workers Exposed to Coronavirus Disease 2019. JAMA Netw Open. 03 2020;3(3):203976.
doi:10.1001/jamanetworkopen.2020.3976

4, Liang Y, Wu K, Zhou Y, Huang X, Liu Z. Mental Health in Frontline Medical Workers during the
2019 Novel Coronavirus Disease Epidemic in China: A Comparison with the General Population. Int J
Environ Res Public Health. 09 2020;17(18)d0i:10.3390/ijerph17186550

5. Rossi R, Socci V, Pacitti F, et al. Mental Health Outcomes Among Frontline and Second-Line
Health Care Workers During the Coronavirus Disease 2019 (COVID-19) Pandemic in Italy. JAMA
Netw Open. 05 2020;3(5):€2010185. doi:10.1001/jamanetworkopen.2020.10185

6. Saragih ID, Tonapa SI, Saragih IS, et al. Global prevalence of mental health problems among

[unpublished, peer-reviewed preprint]



JMIR Preprints Hirten et a

healthcare workers during the Covid-19 pandemic: A systematic review and meta-analysis. Int J
Nurs Stud. Sep 2021;121:104002. doi:10.1016/j.ijnurstu.2021.104002

7. Reith TP. Burnout in United States Healthcare Professionals: A Narrative Review. Cureus. Dec
04 2018;10(12):e3681. doi:10.7759/cureus.3681
8. Li Y, Scherer N, Felix L, Kuper H. Prevalence of depression, anxiety and post-traumatic stress

disorder in health care workers during the COVID-19 pandemic: A systematic review and meta-
analysis. PLoS One. 2021;16(3):e0246454. doi:10.1371/journal.pone.0246454

9. Gunnell D, Appleby L, Arensman E, et al. Suicide risk and prevention during the COVID-19
pandemic. Lancet Psychiatry. Jun 2020;7(6):468-471. doi:10.1016/52215-0366(20)30171-1

10. Shaffer F, Ginsberg JP. An Overview of Heart Rate Variability Metrics and Norms. Front Public
Health. 2017;5:258. doi:10.3389/fpubh.2017.00258

11. Hirten RP, Danieletto M, Landell K, et al. Development of the ehive Digital Health App:
Protocol for a Centralized Research Platform. JMIR Res Protoc. Nov 16 2023;12:e49204.
doi:10.2196/49204

12. Hernando D, Roca S, Sancho J, Alesanco A, Bailén R. Validation of the Apple Watch for Heart
Rate Variability Measurements during Relax and Mental Stress in Healthy Subjects. Sensors (Basel).
Aug 10 2018;18(8)d0i:10.3390/5s18082619

13. Caminal P, Sola F, Gomis P, et al. Validity of the Polar V800 monitor for measuring heart rate
variability in mountain running route conditions. Eur J Appl Physiol. Mar 2018;118(3):669-677.
doi:10.1007/s00421-018-3808-0

14. McCraty R, Shaffer F. Heart Rate Variability: New Perspectives on Physiological Mechanisms,
Assessment of Self-regulatory Capacity, and Health risk. Glob Adv Health Med. Jan 2015;4(1):46-61.
doi:10.7453/gahm;.2014.073

15. Singh N, Moneghetti KJ, Christle JW, Hadley D, Plews D, Froelicher V. Heart Rate Variability:
An Old Metric with New Meaning in the Era of using mHealth Technologies for Health and Exercise
Training Guidance. Part One: Physiology and Methods. Arrhythm Electrophysiol Rev. Aug
2018;7(3):193-198. doi:10.15420/aer.2018.27.2

16. Aritzeta A, Aranberri-Ruiz A, Soroa G, Mindeguia R, Olarza A. Emotional Self-Regulation in
Primary Education: A Heart Rate-Variability Biofeedback Intervention Programme. Int J Environ Res
Public Health. Apr 30 2022;19(9)doi:10.3390/ijerph19095475

17. Chalmers JA, Quintana DS, Abbott MJ, Kemp AH. Anxiety Disorders are Associated with
Reduced Heart Rate \Variability: A  Meta-Analysis. Front  Psychiatry. 2014;5:80.
doi:10.3389/fpsyt.2014.00080

18. Hildebrandt LK, McCall C, Engen HG, Singer T. Cognitive flexibility, heart rate variability, and
resilience predict fine-grained regulation of arousal during prolonged threat. Psychophysiology. Jun
2016;53(6):880-90. d0i:10.1111/psyp.12632

19. Lehrer PM, Gevirtz R. Heart rate variability biofeedback: how and why does it work? Front
Psychol. 2014;5:756. doi:10.3389/fpsyg.2014.00756

20. Vaschillo E, Lehrer P, Rishe N, Konstantinov M. Heart rate variability biofeedback as a method
for assessing baroreflex function: a preliminary study of resonance in the cardiovascular system.
Appl Psychophysiol Biofeedback. Mar 2002;27(1):1-27. doi:10.1023/a:1014587304314

21. Berntson GG, Bigger JT, Eckberg DL, et al. Heart rate variability: origins, methods, and
interpretive  caveats.  Psychophysiology. Nov  1997;34(6):623-48.  doi:10.1111/j.1469-
8986.1997.tb02140.x

22. Brown RP, Gerbarg PL. Sudarshan Kriya yogic breathing in the treatment of stress, anxiety,
and depression: part I-neurophysiologic model. J Altern Complement Med. Feb 2005;11(1):189-201.
doi:10.1089/acm.2005.11.189

https://preprints.jmir.org/preprint/55552 [unpublished, peer-reviewed preprint]



JMIR Preprints Hirten et a

23. Jerath R, Edry JW, Barnes VA, Jerath V. Physiology of long pranayamic breathing: neural
respiratory elements may provide a mechanism that explains how slow deep breathing shifts the
autonomic nervous system. Med Hypotheses. 2006;67(3):566-71. doi:10.1016/j.mehy.2006.02.042
24. Kaushik RM, Kaushik R, Mahajan SK, Rajesh V. Effects of mental relaxation and slow
breathing in essential hypertension. Complement Ther Med. Jun 2006;14(2):120-6.
doi:10.1016/j.ctim.2005.11.007

25. Berrill JW, Sadlier M, Hood K, Green JT. Mindfulness-based therapy for inflammatory bowel
disease patients with functional abdominal symptoms or high perceived stress levels. J Crohns
Colitis. Sep 2014;8(9):945-55. doi:10.1016/j.crohns.2014.01.018

26. Bernardi L, Spadacini G, Bellwon J, Hajric R, Roskamm H, Frey AW. Effect of breathing rate on
oxygen saturation and exercise performance in chronic heart failure. Lancet. May 2
1998;351(9112):1308-11. doi:10.1016/50140-6736(97)10341-5

27. Harinath K, Malhotra AS, Pal K, et al. Effects of Hatha yoga and Omkar meditation on
cardiorespiratory performance, psychologic profile, and melatonin secretion. J Altern Complement
Med. Apr 2004;10(2):261-8. doi:10.1089/107555304323062257

28. Han JN, Stegen K, De Valck C, Clement J, Van de Woestijne KP. Influence of breathing therapy
on complaints, anxiety and breathing pattern in patients with hyperventilation syndrome and
anxiety disorders. J Psychosom Res. Nov 1996;41(5):481-93.

29. Lin IM, Tai LY, Fan SY. Breathing at a rate of 5.5 breaths per minute with equal inhalation-to-
exhalation ratio increases heart rate variability. Int J Psychophysiol. Mar 2014;91(3):206-11.
doi:10.1016/j.ijpsycho.2013.12.006

30. Paul M, Garg K. The effect of heart rate variability biofeedback on performance psychology
of basketball players. Appl Psychophysiol Biofeedback. Jun 2012;37(2):131-44. doi:10.1007/s10484-
012-9185-2

31. Goessl VC, Curtiss JE, Hofmann SG. The effect of heart rate variability biofeedback training
on stress and anxiety: a meta-analysis. Psychol Med. Nov 2017;47(15):2578-2586.
doi:10.1017/50033291717001003

32. Giardino ND, Chan L, Borson S. Combined heart rate variability and pulse oximetry
biofeedback for chronic obstructive pulmonary disease: preliminary findings. Appl Psychophysiol
Biofeedback. Jun 2004;29(2):121-33. doi:10.1023/b:apbi.0000026638.64386.89

33. Lehrer P VB, Zucker T, Graves J, Katsamanis M, Aviles M, Wamboldt F. Protocol for Heart Rate
Variability Biofeedback Training. Biofeedback. 2013;41(3):98-109.

34. Schwartz M, Andrasik F. Definitions of Biofeedback and Applied Psychophysiology
Biofeedback: A Practitioner’s Guide. Guilford Press; 2003.

35. Aritzeta A, Soroa G, Balluerka N, Muela A, Gorostiaga A, Aliri J. Reducing Anxiety and
Improving Academic Performance Through a Biofeedback Relaxation Training Program. Appl
Psychophysiol Biofeedback. Sep 2017;42(3):193-202. doi:10.1007/s10484-017-9367-z

36. Henriques G, Keffer S, Abrahamson C, Horst SJ. Exploring the effectiveness of a computer-
based heart rate variability biofeedback program in reducing anxiety in college students. Appl
Psychophysiol Biofeedback. Jun 2011;36(2):101-12. doi:10.1007/s10484-011-9151-4

37. Prato CA, Yucha CB. Biofeedback-assisted relaxation training to decrease test anxiety in
nursing students. Nurs Educ Perspect. 2013;34(2):76-81. doi:10.5480/1536-5026-34.2.76

38. Pizzoli SFM, Marzorati C, Gatti D, Monzani D, Mazzocco K, Pravettoni G. A meta-analysis on
heart rate variability biofeedback and depressive symptoms. Sci Rep. Mar 23 2021;11(1):6650.
doi:10.1038/s41598-021-86149-7

39. Lehrer P, Kaur K, Sharma A, et al. Heart Rate Variability Biofeedback Improves Emotional and
Physical Health and Performance: A Systematic Review and Meta Analysis. Appl Psychophysiol

https://preprints.jmir.org/preprint/55552 [unpublished, peer-reviewed preprint]



JMIR Preprints Hirten et a

Biofeedback. Sep 2020;45(3):109-129. doi:10.1007/s10484-020-09466-z

40. Schoenberg PL, David AS. Biofeedback for psychiatric disorders: a systematic review. Appl
Psychophysiol Biofeedback. Jun 2014;39(2):109-35. doi:10.1007/5s10484-014-9246-9

41. Jazaieri H, Goldin PR, Werner K, Ziv M, Gross JJ. A randomized trial of MBSR versus aerobic
exercise for social anxiety disorder. J Clin Psychol. Jul 2012;68(7):715-31. doi:10.1002/jclp.21863

42. Cavanagh K, Strauss C, Cicconi F, Griffiths N, Wyper A, Jones F. A randomised controlled trial
of a brief online mindfulness-based intervention. Behav Res Ther. Sep 2013;51(9):573-8.
doi:10.1016/j.brat.2013.06.003

43. Lehrer PM, Vaschillo E, Vaschillo B. Resonant frequency biofeedback training to increase
cardiac variability: rationale and manual for training. Appl Psychophysiol Biofeedback. Sep
2000;25(3):177-91. doi:10.1023/a:1009554825745

44, Lalanza JF, Lorente S, Bullich R, Garcia C, Losilla JM, Capdevila L. Methods for Heart Rate
Variability Biofeedback (HRVB): A Systematic Review and Guidelines. Appl Psychophysiol
Biofeedback. Mar 14 2023;d0i:10.1007/s10484-023-09582-6

45, Deschodt-Arsac V, Lalanne R, Spiluttini B, Bertin C, Arsac LM. Effects of heart rate variability
biofeedback training in athletes exposed to stress of university examinations. PLoS One.
2018;13(7):e0201388. doi:10.1371/journal.pone.0201388

46. Peira N, Pourtois G, Fredrikson M. Learned cardiac control with heart rate biofeedback
transfers to emotional reactions. PLoS One. 2013;8(7):e70004. doi:10.1371/journal.pone.0070004
47. Gross MJ, Shearer DA, Bringer JD, Hall R, Cook CJ, Kilduff LP. Abbreviated Resonant
Frequency Training to Augment Heart Rate Variability and Enhance On-Demand Emotional
Regulation in Elite Sport Support Staff. Appl Psychophysiol Biofeedback. Sep 2016;41(3):263-74.
doi:10.1007/s10484-015-9330-9

48. Schafer A, Vagedes J. How accurate is pulse rate variability as an estimate of heart rate
variability? A review on studies comparing photoplethysmographic technology with an
electrocardiogram. Int J Cardiol. Jun 05 2013;166(1):15-29. doi:10.1016/j.ijcard.2012.03.119

49.  Allen J. Photoplethysmography and its application in clinical physiological measurement.
Physiol Meas. Mar 2007;28(3):R1-39. doi:10.1088/0967-3334/28/3/R01

50. Chung AH, Gevirtz RN, Gharbo RS, Thiam MA, Ginsberg JPJ. Pilot Study on Reducing
Symptoms of Anxiety with a Heart Rate Variability Biofeedback Wearable and Remote Stress
Management Coach.  Appl Psychophysiol Biofeedback. Dec 2021;46(4):347-358.
doi:10.1007/510484-021-09519-x

51. Lin IM, Chen TC, Tsai HY, Fan SY. Four Sessions of Combining Wearable Devices and Heart
Rate Variability (HRV) Biofeedback are Needed to Increase HRV Indices and Decrease Breathing
Rates. Appl Psychophysiol Biofeedback. Mar 2023;48(1):83-95. doi:10.1007/s10484-022-09567-x

52. Umair M, Chalabianloo N, Sas C, Ersoy C. HRV and Stress: A Mixed-Methods Approach for
Comparison of Wearable Heart Rate Sensors for Biofeedback. IEEE Access. 2021;9:14005-14024.
doi:10.1109/ACCESS.2021.3052131

53. Khushhal A, Nichols S, Evans W, et al. Validity and Reliability of the Apple Watch for
Measuring Heart Rate During Exercise. Sports Med Int Open. Oct 2017;1(6):E206-E211. doi:10.1055/
s-0043-120195

54, Turki A, Behbehani K, Ding K, Zhang R, Li M, Bell K. Estimation of Heart Rate Variability
Measures Using Apple Watch and Evaluating Their Accuracy: Estimation of Heart Rate Variability
Measures Using Apple Watch. presented at: Proceedings of the 14th PErvasive Technologies Related
to Assistive Environments Conference; 2021; Corfu, Greece.
https://doi.org/10.1145/3453892.3462647

55. Giles D, Draper N, Neil W. Validity of the Polar V800 heart rate monitor to measure RR

https://preprints.jmir.org/preprint/55552 [unpublished, peer-reviewed preprint]



JMIR Preprints Hirten et a

intervals at rest. Eur J Appl Physiol. Mar 2016;116(3):563-71. doi:10.1007/s00421-015-3303-9

56. Schuurmans AAT, de Looff P, Nijhof KS, et al. Validity of the Empatica E4 Wristband to
Measure Heart Rate Variability (HRV) Parameters: a Comparison to Electrocardiography (ECG). J
Med Syst. Sep 23 2020;44(11):190. doi:10.1007/510916-020-01648-w

57. de Zambotti M, Baker FC, Willoughby AR, et al. Measures of sleep and cardiac functioning
during sleep using a multi-sensory commercially-available wristband in adolescents. Physiol Behav.
May 01 2016;158:143-9. doi:10.1016/j.physbeh.2016.03.006

58. van Dijk W, Huizink AC, Oosterman M, Lemmers-Jansen ILJ, de Vente W. Validation of
Photoplethysmography Using a Mobile Phone Application for the Assessment of Heart Rate
Variability in the Context of Heart Rate Variability-Biofeedback. Psychosom Med. Sep 01
2023;85(7):568-576. doi:10.1097/PSY.0000000000001236

59. Connor KM, Davidson JR. Development of a new resilience scale: the Connor-Davidson
Resilience Scale (CD-RISC). Depress Anxiety. 2003;18(2):76-82. doi:10.1002/da.10113

60. Hays RD, Schalet BD, Spritzer KL, Cella D. Two-item PROMIS® global physical and mental
health scales. J Patient Rep Outcomes. 2017;1(1):2. doi:10.1186/s41687-017-0003-8

61. Cohen S, Kamarck T, Mermelstein R. A global measure of perceived stress. J Health Soc
Behav. Dec 1983;24(4):385-96.

62. Kroenke K, Spitzer RL, Williams JB, Lowe B. An ultra-brief screening scale for anxiety and
depression: the PHQ-4. Psychosomatics. 2009;50(6):613-21. doi:10.1176/appi.psy.50.6.613

63. Broderick JE, DeWitt EM, Rothrock N, Crane PK, Forrest CB. Advances in Patient-Reported
Outcomes: The NIH PROMIS(®) Measures. EGEMS (Wash DC). 2013;1(1):1015. doi:10.13063/2327-
9214.1015

64. McCraty R. Science of the Heart, Volume 2 Exploring the Role of the Heart in Human
Performance An Overview of Research Conducted by the HeartMath Institute. HeartMath Institute;
2016.

65. Lemaire JB, Wallace JE, Lewin AM, de Grood J, Schaefer JP. The effect of a biofeedback-based
stress management tool on physician stress: a randomized controlled clinical trial. Open Med.
2011;5(4):e154-63.

66. Ginsberg JP, Berry ME, Powell DA. Cardiac coherence and posttraumatic stress disorder in
combat veterans. Altern Ther Health Med. 2010 Jul-Aug 2010;16(4):52-60.

67. Luskin F, Reitz M, Newell K, Quinn T, Haskell W. A controlled pilot study of stress
management training of elderly patients with congestive heart failure. Prev Cardiol. 2002;5(4):168-
72.doi:10.1111/j.1520.037x.2002.01029.x

68. McCraty R, Atkinson M, Tomasino D. Impact of a workplace stress reduction program on
blood pressure and emotional health in hypertensive employees. J Altern Complement Med. Jun
2003;9(3):355-69. doi:10.1089/107555303765551589

69. The Gift of HeartMath. Accessed November 9, 2023, 2023.
https://lookinside.kaiserpermanente.org/the-gift-of-heartmath/

70. Mobile Apps and Online Tools. Accessed November 9, 2023.
https://www.va.gov/WHOLEHEALTH/veteran-resources/MobileApps-OnlineTools.asp

71. Lu G, Yang F, Taylor JA, Stein JF. A comparison of photoplethysmography and ECG recording
to analyse heart rate variability in healthy subjects. J Med Eng Technol. 2009;33(8):634-41.
doi:10.3109/03091900903150998

72. Pruneti C, Ferrari S, Guidotti S. A Narrative Review of Heart Rate Variability as a Good Index
of Psychophysical Health in Athletes and in Biofeedback Training. Journal of Clinical Sport
Psychology. 01 Jan. 2023 2023:1-28. doi:10.1123/jcsp.2022-0016

73. The Science of HeartMath. Accessed November 9, 2023.

https://preprints.jmir.org/preprint/55552 [unpublished, peer-reviewed preprint]



JMIR Preprints Hirten et a

https://www.heartmath.com/science/

74. HeartMath Inner Balance Trainer Coherence Scoring System. Accessed November 9, 2023.
https://cdn.heartmath.com/manuals/IB Coherence Achevment revia.pdf

75. Monitor Your Heart Rate with Apple Watch. Accessed October 22nd, 2020,
https://support.apple.com/en-us/HT204666

76. Hirten RP, Danieletto M, Tomalin L, et al. Use of Physiological Data From a Wearable Device
to Identify SARS-CoV-2 Infection and Symptoms and Predict COVID-19 Diagnosis: Observational
Study. J Med Internet Res. 02 2021;23(2):€26107. doi:10.2196/26107

77. Zhang Y, Song S, Vullings R, et al. Motion Artifact Reduction for Wrist-Worn
Photoplethysmograph Sensors Based on Different Wavelengths. Sensors (Basel). Feb 07
2019;19(3)d0i:10.3390/s19030673

78. Malpas SC, Purdie GL. Circadian variation of heart rate variability. Cardiovasc Res. Mar
1990;24(3):210-3. doi:10.1093/cvr/24.3.210

79. Lombardi F, Sandrone G, Mortara A, et al. Circadian variation of spectral indices of heart rate
variability after myocardial infarction. Am Heart J. Jun 1992;123(6):1521-9. doi:10.1016/0002-
8703(92)90804-5

80. Cornelissen G. Cosinor-based rhythmometry. Theor Biol Med Model. Apr 11 2014;11:16.
doi:10.1186/1742-4682-11-16

81. Hou R, Tomalin LE, Suarez-Farifas M. cosinoRmixedeffects: an R package for mixed-effects
cosinor models. BMC Bioinformatics. Nov 13 2021;22(1):553. doi:10.1186/512859-021-04463-3

82. Hirten RP, Danieletto M, Tomalin L, et al. Factors Associated With Longitudinal Psychological
and Physiological Stress in Health Care Workers During the COVID-19 Pandemic: Observational
Study Using Apple Watch Data. J Med Internet Res. 09 13 2021;23(9):€31295. doi:10.2196/31295
83. Hirten RP, Suprun M, Danieletto M, et al. A machine learning approach to determine
resilience utilizing wearable device data: analysis of an observational cohort. JAMIA Open. Jul
2023;6(2):00ad029. doi:10.1093/jamiaopen/ooad029

84. Campbell-Sills L, Forde DR, Stein MB. Demographic and childhood environmental predictors
of resilience in a community sample. J Psychiatr Res. Aug 2009;43(12):1007-12.
doi:10.1016/j.jpsychires.2009.01.013

85. Burch JB, Ginsberg JP, McLain AC, et al. Symptom Management Among Cancer Survivors:
Randomized Pilot Intervention Trial of Heart Rate Variability Biofeedback. Appl Psychophysiol
Biofeedback. Jun 2020;45(2):99-108. doi:10.1007/510484-020-09462-3

86.  de Souza PM, de Cassia Souza M, Diniz LA, et al. Long-term benefits of heart rate variability
biofeedback training in older adults with different levels of social interaction: a pilot study. Sci Rep.
Nov 05 2022;12(1):18795. doi:10.1038/s41598-022-22303-z

87. Christensen H, Griffiths KM, Farrer L. Adherence in internet interventions for anxiety and
depression. J Med Internet Res. Apr 24 2009;11(2):e13. doi:10.2196/jmir.1194

https://preprints.jmir.org/preprint/55552 [unpublished, peer-reviewed preprint]



JMIR Preprints Hirten et a

Supplementary Files

https://preprints.jmir.org/preprint/55552 [unpublished, peer-reviewed preprint]



JMIR Preprints Hirten et a

Figures

https://preprints.jmir.org/preprint/55552 [unpublished, peer-reviewed preprint]



JMIR Preprints Hirten et a

Participants were prospectively enrolled and followed for 17 weeks. Participants wore their Apple Watch for at least 7 days
prior to starting the intervention period (week 0) and used it through week 7 of the study. The HeartMath device was used
throughout the 5-week intervention period. Participants answered surveys at baseline, week 5, week 7 and week 17. Five
weekly educational videos describing HeartMath and the basis behind the intervention were available for viewing through the

5-week intervention period.
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(A) Plots show mean (95% Cls) HRV midline statistic of rhythm (MESOR), amplitude, and acrophase for participants at
baseline, week 5, and week 7. (B) Plots show the average weekly circadian HRV rhythm for participants at baseline and over
thefirst 7 weeks of the study period for subjects with at least 50% compliance (n=21).
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