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ABSTRACT

Psychological stress among frontline healthcare workers (HCWSs) increased during the COVID-19 pandemic, elevating mental
health risks. Heart rate variability biofeedback (HRV-BF) is an evidence-based intervention with potential to reduce psycho-
logical burden on frontline HCWs; however, no studies have examined its use among this population since the pandemic began.
We designed a trial to assess the effects of a brief HRV-BF intervention delivered via telemedicine on measures of anxiety,
depression and stress, and heart rate variability, compared to an in-person intervention. We hypothesised that the telemedicine
intervention would be non-inferior to the in-person intervention. Using a randomized comparison trial design, we tested a 10-
day brief heart rate variability biofeedback intervention among frontline HCWs during the COVID-19 pandemic. They received
remote, 30-min guided sessions every other day and were taught methods of heart rate variability biofeedback. Depression,
anxiety and stress were assessed at baseline, 10 days, and 40 days with additional measures of anxiety measured before and after
each session. HRV scores were collected at baseline, as well as during the course of the 10 days. Multilevel modelling was used
to examine the change in depression, anxiety, stress and HRV scores across multiple time points and session types (telemedicine
vs. in-person). There was no significant differences between telemedicine (n = 32) and in-person (n = 15) interventions on the
main outcomes. Both session types showed a significant decrease in depression, anxiety and stress scores across the entire
intervention, and HRV scores significantly increased across both groups. Anxiety levels also significantly decreased after each
session. The non-inferiority of the telemedicine intervention to a comparable in-person intervention affirms its promise for
decreasing anxiety, depression and stress among frontline HCWs and may offer a cost-effective and feasible tool to use in crises
situations.

1 | Introduction suicidality and stress-related somatic concerns (Dutheil

et al. 2019; Maharaj, Lees, and Lal 2018; Shanafelt et al. 2015),

Psychological stress among healthcare workers (HCWs) has particularly those working in emergency departments

long been a concern. Prior to the COVID-19 pandemic,
numerous studies have documented the vulnerability of HCWs,
such as physicians and nurses, to burnout, anxiety, depression,

(Adriaenssens et al. 2011) and other frontline environments
within the healthcare system. Studies done during previous
epidemics and pandemics have highlighted fears and stressors
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of HCWs (Khalid et al. 2016). During the COVID-19 pandemic,
data has pointed to increased risk for mental health issues such
as anxiety and depression (Lai et al. 2020; Zhu et al. 2020) and
highlighted the need for effective interventions to address stress
among frontline COVID-19 HCWs (Chen et al. 2020). Alongside
previous coronavirus epidemics such as SARS and MERS, as
well as influenza and Ebola, the SARS-CoV-2 pandemic
increased rates of depression, anxiety and stress among HCWs
(Chigwedere et al. 2021; Magnavita et al. 2021; Preti et al. 2020;
Saragih et al. 2021; Shreffler, Petrey, and Huecker 2020;
Spoorthy, Pratapa, and Mahant 2020; Thatrimontrichai, Weber,
and Apisarnthanarak 2021; Vizheh et al. 2020). Frontline
HCWs, women and nurses appear to be most severely affected
(Chigwedere et al. 2021; Danet 2021), and trainees such as
medical students, nursing trainees and residents are particularly
vulnerable, with greater prevalence and risk for anxiety,
depression and stress (Dyrbye et al. 2014; Quek et al. 2019; Zhou
et al. 2020). Although COVID surges have passed, the impact of
the pandemic and the increased risk for mental health issues
among frontline HCWs remains (Yilmaz-Karaman, Yastibag-
Kagar, and Ece Ince 2023).

Acute stress may be defined as ‘the non-specific response of the
body to any demand upon it’ (Serban 2012). Experiences of
acute stress lead to increased sympathetic nervous system (SNS)
activity and lowered parasympathetic nervous system (PNS)
activity (Marques, Silverman, and Sternberg 2010). For many
years, psychometric measures have been used to assess the
subjective experience of both acute and chronic stress. In recent
years, heart rate variability (HRV) has gained utility as a psy-
chometric biomarker, capable of demonstrating the impact of
stress on the autonomic nervous system (ANS). HRV reflects the
natural acceleration and deceleration in heart rate over time.
Due to the sensitivity to changes in the ANS, HRV is often used
as a biomarker of stress regulation, as well as physiologic and/or
emotional self-regulation (Visted et al. 2017); it is also consid-
ered a transdiagnostic biomarker of psychopathology and
mental illness (Laborde, Mosley, and Thayer 2017). While an in-
depth explanation of HRV indices is beyond the scope of this
paper, HRV analyses are generally described in the time
domain, frequency domain, or non-linear indices (Laborde,
Mosley, and Thayer 2017). Both time and frequency-based
metrics of HRV are shown to change in response to psycho-
logical stressors (Kim et al. 2018). Autonomic ‘flexibility’, or the
ability to shift between high and low arousal states in response
to the environment is correlated with higher HRV (Appelhans
and Luecken 2006). HRV is thus widely accepted as a measure
of autonomic balance and parasympathetic nervous system
power (McCraty et al. 2009; Rajendra Acharya et al. 2006;
Shaffer and Ginsberg 2017). Several HRV indices are thought to
be correlated with parasympathetic nervous system activity
(which may also be referred to as vagal tone or vagally mediated
HRV)—and the time-domain measure RMSSD is often accepted
as the best assessment of vagal tone (Laborde, Mosley, and
Thayer 2017). Vagal tone is implicated as central to psycho-
physiological health and is identified as such in various theories
in psychophysiologic research (Laborde, Mosley, and
Thayer 2017). An additional measure known as coherence, or
cardiac coherence, is also used in the literature (McCraty and
Zayas 2014). While the coherence measure is unrelated to
standard HRV metrics, it is calculated based on HRV power

spectrum (McCraty and Childre 2010). While RMSSD cannot be
extrapolated from coherence, coherence as a measure is related
to increased parasympathetic activity (McCraty and
Childre 2010) and thus can provide a window into behavioural
health driven by vagally mediated HRV.

A number of interventions aimed at supporting the mental
health and wellbeing of frontline HCWs during the COVID-19
pandemic have been examined in the literature. They may be
loosely categorised as peer support-based (Albott et al. 2020)/
peer coaching strategies (Rosen et al. 2022), some of which
originate in efforts to support military personnel, mindfulness-
based (Burton et al. 2017; Chmielewski, Lo$, and Euczyn-
ski 2021), or apps and web-based tools (Lopez-Pineda
et al. 2022). Prior to the pandemic, meta-analyses have identi-
fied smart phone apps and web-based tools utilising efficacious
approaches as a means to address stress and anxiety among
HCW trainees and professionals (Pospos et al. 2018). However,
there remains no consensus on solutions to stress-related con-
cerns of HCWs and the need for cost effective, replicable solu-
tions remains, though initial attempts to query health and social
care professionals have identified flexible support systems
(Billings et al. 2021).

Biofeedback is a process by which an individual's physiological
measures under voluntary or involuntary control, some of
which reflect sympathetic nervous system activation, are shown
to them as they are trained to increase voluntary control over
these measures for the purposes of improving health and per-
formance (Schwartz and Andrasik 2017). Heart rate variability
biofeedback (HRV-BF) is a form of cardiorespiratory biofeed-
back. During HRV-BF, a patient is given real-time heart rate
data and guided through breathing exercises to activate para-
sympathetic activity, maximising respiratory sinus arrhythmia
(P. M. Lehrer and Gevirtz 2014), and producing a state of
parasympathetic activity and calm alertness. With increased
parasympathetic activity on the heart (and thus increased HRV),
HRV-BF aims to modulate the elevations in sympathetic tone
that can occur with stress and negative emotions (P. M. Lehrer
and Gevirtz 2014). Commercially available portable HRV sen-
sors provide real time data and ‘scoring’ based on device algo-
rithms, aiding in the learning and training process. ‘Scoring’
may include HRV indices or related indices such as coherence.
This type of scoring allows for enhanced usability and real-time
feedback to individuals using certain biofeedback programs
targeting HRV. HRV-BF is generally administered in-person
with self-directed maintenance practices expected and encour-
aged in between (Khazan 2013; P. Lehrer et al. 2013). HRV-BF
has been used in many settings to address stress and stress-
related conditions including anxiety, depression, PTSD and
headaches (Goessl, Curtiss, and Hofmann 2017; Herhaus
et al. 2021; Karavidas et al. 2007; Lin et al. 2016, 2019; Patron
et al. 2013, 2020; Prinsloo et al. 2013; Steffen et al. 2017),
including studies which use HRV-BF devices which give
coherence feedback and those that examine the effect of HRV-
BF on the coherence measure (Buchanan and Reilly 2019;
Ginsberg, Berry, and Powell 2010; Lemaire et al. 2011; Pipe
et al. 2012; Trousselard et al. 2016). In healthcare settings, HRV-
BF interventions have shown improvement in measures of
stress (Buchanan and Reilly 2019; Lemaire et al. 2011; Pipe
et al. 2012) and have been postulated as a potential strategy to
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reduce the psychologic burden on frontline HCWs during the
pandemic (Aristizabal et al. 2020). However, no studies have
examined the use of HRV-BF among HCWs since the pandemic
began.

This study builds upon existing literature regarding the effec-
tiveness of HRV-BF in addressing stress and stress-related
conditions and tests an adaptation of established heart rate
variability biofeedback training in the form of a 10-day brief
intervention delivered by telemedicine, measuring both psy-
chologic measures of anxiety, depression and stress, and phys-
iologic measures of heart rate variability. It adapts traditional
HRV-BF training protocols from their usual length in the or-
der of weeks (P. Lehrer et al. 2013) to a brief, compressed 10-day
format and further adapts it to a telemedicine format. While
there have been published reports of virtually guided biofeed-
back for ergonomic or rehabilitative purposes (Carrion Pérez
et al. 2015; Golebowicz et al. 2015; Rogante et al. 2010) and the
use of apps which incorporate HRV-BF training (Economides
et al. 2020), there have, to our knowledge, been no published
literature regarding real time, virtual HRV-BF. Given the ad-
vantages of telemedicine for infection control and increased
accessibility, it has true relevance to addressing pandemic-
relates stressors challenging frontline HCWs. Our aim was to
compare the one-on-one HRV-BF telemedicine intervention to
an identical in-person intervention, with the hypothesis that the
telemedicine HRV-BF intervention is non-inferior to the in-
person intervention, and that both interventions positively in-
fluence outcomes of anxiety, depression, stress and HRV
coherence in frontline COVID-19 HCWs.

2 | Methods
2.1 | Participant Sampling

A convenience sample was recruited from among staff and
faculty at the University of California Irvine Medical Center in
Orange, CA. Initial mass recruitment emails were sent to all
staff and targeted recruitment emails to UCI Health, UCI School
of Medicine and UCI School of Nursing. In addition, flyers were
placed in breakrooms at UCI Douglass Hospital, and listing was
displayed on the UCI School of Medicine Center for Clinical
Research (CCR) and UC Irvine Health Clinical Trials webpages.
Interested participants contacted research staff by email or
phone and were screened via telephone for eligibility. Inclusion
criteria included: UCI Health nursing and medical trainees, and
residents and fellows involved in direct COVID-19 care at the
UCI Medical Center between the ages of 18-65. Exclusion
criteria included: (1) individuals with structural heart disease
and/or arrhythmia, (2) individuals with severe OCD (severe
neurosis is often a contraindication for biofeedback treatment
(Cosio 2015)) and (3) individuals without Bluetooth compatible
smartphone or tablet device. The verbal consent process,
including an explanation of the research purpose and proced-
ures, was completed by research staff. Consented participants
were then randomized into either in-person (IP) or telemedicine
groups (TM) using a table generated by an online randomisation
tool (Research Randomiser, randomizer.org) and scheduled for
required research sessions by research staff. All recruitment and

consent materials were reviewed and approved by the Univer-
sity of California at Irvine Institutional Review Board, Human
Research Protections. See Figure 1 for Strobe Diagram depicting
the recruitment, consent and enrolment process.

Sample size was calculated using an online tool (clincalc) to
conduct a power analysis and determine minimum sample size.
Sample size was calculated based on a hypothesis of non-
inferiority. We targeted a 2:1 telemedicine to in-person ratio
due to greater use of remote visits in the midst of the COVID-19
pandemic, and because we were testing the virtual/telemedicine
intervention.

2.2 | Study Design

This study was a randomized controlled trial (both prospective
and comparison) comparing a remote (telemedicine) (TM)
biofeedback intervention to an identical in-person (IP) inter-
vention. Because of the nature of the comparison groups,
blinding was not possible. Each group received a 10-day training
consisting of five unique 30-min one-on-one sessions with a
trained biofeedback practitioner, occurring every other day. TM
sessions were conducted via Zoom; IP sessions were conducted
on-site at the Medical Center. The sessions were designed and
delivered by a biofeedback practitioner (certified by the
Biofeedback Certification International Alliance), who trained
two additional certified biofeedback practitioners to assist with
the delivery of the TM sessions using scripted guides, and who
delivered all of the IP sessions. The intervention included
educational components describing the definition of biofeed-
back (Schwartz and Andrasik 2017), the physiology of stress and
chronic stress including the HPA axis and autonomic nervous
system (P. M. Lehrer and Gevirtz 2014; Veldhuis, Sharma, and
Roelfsema 2013; Yerkes 1908), and the scientific basis for heart
rate variability (P. M. Lehrer and Gevirtz 2014; McCraty and
Shaffer 2015) as well as training in diaphragmatic breathing,
slow paced diaphragmatic breathing and heart rate variability
biofeedback (Steffen et al. 2017; Zaccaro et al. 2018), including
coaching on how to use techniques as coping strategies in daily
life. Heart rate variability biofeedback instruction was modelled
upon instruction outlined in the literature (Khazan 2013; P.
Lehrer et al. 2013) guiding participants to breathe according to
visual breath pacer, whilst viewing visual feedback of changes in
heart rate on their smartphone screen and trying to maximise
amplitude of heart rate waves (P. Lehrer et al. 2013), as well as
visual signals of HRV coherence displayed on the screen.
Additionally, participants were coached to incorporate the use
of self-induced positive emotions as described in McCraty
(McCraty and Shaffer 2015) alongside breath practices (McCraty
et al. 1998; Soer et al. 2015). Session content is summarised in
Table 1. On days between sessions, participants were instructed
to view brief videos created specifically for the intervention
which reinforced content of sessions. Each participant received
a portable, Bluetooth compatible HRV-BF device (Inner Bal-
ance, HeartMath, Boulder Creek, CA) to use during sessions.
The device gives both visual and auditory feedback. In addition
to HRV-BF performed during sessions, participants were asked
to practice HRV-BF techniques using the device synced to a
smartphone app independently for 10 min twice daily for the
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http://randomizer.org

Recruitment

Eligibility Screening ‘

Consent and
Enrollment

Randomization

Study Completion

Analysis

Participants who responded to recruitment efforts by phone or

email n=250, October 2020 to April 2021

Not included in study n=176

e Excluded due to ineligibility n=136
e Unknown eligibility, lost to follow-up n=40

v

Number of eligible participants n=74

l

e Participants consented n=67
e Lost to follow up prior to consent n=7

v

Randomized participants n=53
(Randomization completed by standard randomization table
after orientation to study)

Consented but lost to further follow up prior to
randomization n=14

.

e Participants completing study n=47

e Lost to follow up prior to scheduling n=3

e Unable to participate due to scheduling/distance
issues n=1

e Started, but did not complete study n=2

:

Participants in telemedicine group n=32
Participants in in-person group n=15
Number included in analysis n=47

FIGURE 1 | Strobe diagram of recruitment, consent and enrolment process.

TABLE 1 | Summary of intervention by session.

Session number

Content

1

Introduction to the autonomic nervous system, biofeedback and HRV-BF
Introduction to diaphragmatic breathing
Review of diaphragmatic breathing
Instruction on pursed lips breathing and slowing the breath
Introduction to slow paced breathing, education on overbreathing
Introduction to using positive emotion
Introduction to HRV-BF and use of Inner Balance
Education on HRV measures and coherence
HRV-BF practice
Discussion of how to use techniques
HRV-BF practice
Stress challenge and continued discussion of how/when to use techniques
HRV-BF practice
Stress challenge

Wrapping up and moving forward

4 0of 13

Stress and Health, 2024

85U017 SUOWIWIOD 8Aa.D 8|ceoljdde 8y} Aq peusenob afe sspolife YO 8sn Jo S 104 Azeiqi8UIUQ A8 |1 UO (SUORIPUOD-PUR-SWLBIAL0D A8 |IM" AR 1BUUO//SANY) SUORIPUOD Pue SWe 1 81 885 *[202/TT/T] Uo ARiq1TaulluO A8|IM ‘ZOSE IWS/Z00T OT/I0p/Woo" A8 imAleiq Ut |uoy/Stny wo.y papeojumod ‘0 ‘86622EST



duration of the 10-day intervention, and to incorporate tech-
niques as coping strategies during stressful situations. Partici-
pants were also encouraged to practice beyond this amount.
Twice daily text messages were sent to all participants to remind
them to practice techniques and to view relevant videos. The
study was conducted between November 2020 and May 2021,
during the height of the COVID-19 pandemic. The intervention
is innovative both in its adaptation of traditional HRV-BF
training protocols, but also in its specific adaptation to a tele-
medicine format.

3 | Measures

The Depression Anxiety Stress Scale (DASS), a 42-question
validated assessment tool that measures negative emotional
states of depression, anxiety and stress (using three subscales),
including symptoms of autonomic arousal, within the last week
(Lovibond and Lovibond 1995), was administered to partici-
pants before and after the 10-day intervention, as well as 30 days
after completion of the intervention (40 days after baseline). The
DASS instrument has been shown to be reliable and valid in
both clinical and non-clinical samples (Brown et al. 1997;
Crawford and Henry 2003). In our sample, Chronbach's alpha
for the baseline DASS measurement was 0.94, 0.87 and 0.92 for
Depression, Anxiety and Stress, respectively.

Before and after each session, the State Trait Anxiety Inventory
(STAI Form Y-1, S-Anxiety) was administered and collected, a
validated 20-item questionnaire indicating feelings in the present
moment (Spielberger 1983; Spielberger, Gorsuch, and Lush-
ene 1970). The STAI instrument has been used extensively and is
translated into 48 languages. Chronbach's alpha for the STAI
measure in our sample after the first session was 0.67, consistent
with the range of estimates of reliability and validity for this
measure reported in the literature, which range from 0.31 to 0.86
(Barnes, Harp, and Jung 2002; Kabacoff et al. 1997; Julian 2011).

HRYV coherence score was collected at baseline using the Heart-
Math Inner Balance sensor and accompanying software app
(HeartMath, Boulder Creek, CA). Conventional time and fre-
quency based HRV measures were not collected due to the limi-
tations of the sensor and app, which were chosen for ease of use
and user interface. We also collected HRV coherence from par-
ticipants’ independent sessions, to further characterise HRV data
throughout the intervention and as fidelity checks to document
completion of independent practice; these scores were trans-
mitted by text message as screen shots. The HRV coherence score
is a number which reflects how stable, regular and repeating the
user's heart rhythm is at a single frequency between 0.04 and
0.24 Hz (3-15 cycles per minute, calculated by a mathematical
algorithm internal to the software app, ranging from 0 to 16;
formulated as: (Peak Power/[Total Power — Peak Power])
(McCraty and Shaffer 2015). HRV coherence is associated with
the experience of positive emotions, self-regulatory ability and a
general sense of well-being (McCraty and Zayas 2014). As dis-
cussed in the Introduction, the HRV coherence measure is not
related to standard HRV metrics, but does correlate with an in-
crease in parasympathetic activity (McCraty and Childre 2010),
therefore does reflect changes to ANS balance.

3.1 | Statistical Analyses

Chi-square statistics were conducted to compare demographics
and baseline measures by session type (telemedicine [TM]
versus in-person biofeedback [IP]). To assess the association
between session type and the outcome measures over time,
multilevel modelling (MLM) was used to account for repeated
measures with covariate adjustment. MLM is more flexible than
repeated measures ANOVA, as it can accommodate uneven data
structures, missing data and unequal variances (Peugh 2010).
More specifically, MLM for repeated measures uses maximum
likelihood estimation to account for any missing data and is
appropriate with small sample sizes (Pugh, Brown, and
Enserro 2022). Multilevel models are robust to missing data
under the assumption that the data are missing at random
(MAR) or missing completely at random (MCAR). To verify this,
we conducted Little's MCAR test, where a non-significant result
suggests that the data are MCAR (Li 2013).

We modelled three different repeated outcomes: HRV coher-
ence, DASS total score and STAIL DASS subscale scores were
not examined in MLMs due to smaller sample sizes and
convergence issues, so alternatively we calculated unadjusted
within-group effect sizes for each DASS subscale to explore
the intervention's distinct association with change in stress,
depression and anxiety. For each of the three outcomes, two-
level models were specified (level 1: repeated measures
within-person, level 2: between-person factors including time,
session type, the time X session type interaction and cova-
riates). The interaction between time and session type allows
the exploration of whether the effect of the intervention from
pre-to post-measurement differed significantly by session type.
All multilevel models were adjusted for the potential con-
founders age, gender and race. Because our data collection
tool collected age ranges rather than absolute age, age was
included in the model as a categorical rather than continuous
variable.

Time was modelled differently across models depending on the
timing of measurement in the study. In the model of HRV
coherence, consistent with recommendations of HRV analyses
(Laborde, Mosley, and Thayer 2017) time was modelled as a
continuous measure of days (1 through 10). In the DASS
model, time was modelled categorically, reflecting three time
points-pre-session, post-session (at day 10), and at 30 days
post-session. In order to assess potential differences in effect
across sessions in the STAI model, time was modelled as bi-
nary pre-versus post-intervention, with separate models for
each session. For all models, random intercepts were included
to account for subject-specific baseline differences. Random
effects (slopes) were not modelled given that our focus was on
group differences by session type rather than subject-specific
effects. Restricted maximum likelihood estimation (REML)
was used due to the small sample size (Raudenbush and Bryk
1992). Marginal means estimated from multilevel models were
used to generate plots over time using the emmeans package
in R.

To establish noninferiority of the telemedicine sessions relative
to the in-person sessions for the DASS and STAI outcomes, a
margin must be determined to set the maximum allowable mean
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difference of the change in outcomes after the intervention be-
tween groups, beyond which telemedicine would be considered
inferior to in-person (Cuzick and Sasieni 2022). The margin
should depend on several factors including the magnitude of
other benefits of the alternative treatment as well as severity of
the endpoint (e.g., a small margin should be chosen for an
outcome such as mortality) (Cuzick and Sasieni 2022). A non-
inferiority margin of 5 points for the DASS scale was selected
based on prior research finding this to be the change score
related to a minimum clinically important difference (Yohannes
etal. 2022). A noninferiority margin of 8 points for the STAI scale
was selected based on research showing an eight-point difference
being the threshold to ensure reliable change beyond measure-
ment error, and another study finding that 10 points was the
minimal important difference value for change on the STAI
measure (Corsaletti et al. 2014; Fisher and Durham 1999). We
selected 8 points as the margin to be slightly more conservative
(more stringent) in the present noninferiority analysis. The
confidence interval approach (aka fixed margin method) was
used to test for non-inferiority (Althunian et al. 2017; Mascha
and Sessler 2011). Estimates of the mean difference and 95%
confidence intervals were derived from multilevel model esti-
mates of the interaction between session type (TM) and time,
consistent with recommendations on noninferiority analysis for
repeated measures data (Mascha and Sessler 2011). Lower scores
are better for the DASS and STAI outcomes, so when calculating
the difference as TM minus IP, the upper bound of the 95%
confidence interval should be no greater than the IP mean plus
the margin (45 points) to establish noninferiority.

While DASS subscales could not be used as outcomes in
multilevel models, we calculated Hedge's G effect sizes (TM vs.
IP) to assess the intervention's association with change in the
distinct dimensions of stress, anxiety and depression by session
type. All analyses were performed in R (Version 4.4.1).

4 | Results

Demographics and baseline (pre-intervention) outcomes are
depicted in Table 2. Participants in the telemedicine versus in-
person session types did not significantly differ in age, gender,
or race. The telemedicine group had slightly lower total DASS
scores but slightly higher STAI scores and HRV coherence at
baseline, though differences were not statistically significant.
Thirty-two (68%) participated in the TM session and 15 (31.9%)
participated in the IP session. A large portion of the study
participants, 32 out of total 47 study participants, were from the
age group of 25-34, and almost half identified as Asian. Infor-
mation regarding sample socioeconomic status was not
collected [not available].

There were some missing questionnaires which contributed to
missing data. Across 5 sessions, there were 7 missing pre-session
STAI questionnaires, with no more than 2 missing per session.
Across the 5 sessions, there were 12 missing post questionnaires
ranging from 1 to 4 questionnaires per session; with some par-
ticipants missing both pre and post of a session and some
missing only pre or post for a single session. There was data

TABLE 2 | Baseline characteristics and outcomes by session type.

Session type

Telemed? In person?

Variable n (%)
Overall 32 (68.9) 15 (31.9)
Age

18-24 3(9.7) 1(6.7)

25-34 20 (64.5) 12 (80)

35-65 8 (25.08) 2 (13.3)

Missing 1(3.1) 0 (0%)
Gender

Female 22 (71) 9 (60)

Male 8 (25.8) 6 (40)

Prefer not to answer 1(3.1) 0 (0)

Missing 1(3.1) 0 (0)
Race

Asian 16 (64) 8 (72.7)

White 6 (24) 1(9.1)

Others 3(12) 2 (18.2)

Missing 7 (21.9) 4 (26.7)

Mean (SD)

DASS total score 24.5 (20.6) 25.5 (19.0)
DASS depression 6.9 (8.9) 6.9 (7.9)
DASS anxiety 5.7 (6.4) 6.1 (5.7)
DASS stress 12.0 (8.5) 12.5 (9.2)
STAI 38.9 (12.5) 36.7 (10.9)
HRYV coherence 1.9 (1.1) 1.6 (0.5)

2All baseline differences by session type non-significant.

missing for 2 cases for each of the 3 DASS measurements—
DASS pre-intervention, DASS 10-day and DASS 30-day;
though not the same individuals (6 different participants). Lit-
tle's MCAR test suggested the data were missing completely at
random (p = 0.63), validating the missingness assumption
required to produce unbiased estimates from the multilevel
model. Further, findings from unadjusted analyses of mean
differences and from adjusted analyses in the mixed models that
include cases with incomplete data (described below) support
the same conclusions, indicating that missing data did not bias
our estimates or conclusions.

Within-group intervention effect sizes for the depression, anxiety
and stress subscales of the DASS measure show that the inter-
vention effect was small to moderate for all subscales in the TM
group, with stress being the subscale most impacted in this ses-
sion type (Table 3). Conversely, the intervention effect was
negligible in the IP group for both the stress and anxiety sub-
scales, while the depression subscale was most impacted in this
group (though only to a small degree). Estimates from adjusted
models for DASS total score and STAI indicate group differences
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TABLE 3 | Within-group intervention effect size* (Hedge's G) across
DASS subscales.

DASS subscale Telemedicine In-person
Stress 0.5 (medium) 0.1 (negligible)
Anxiety 0.3 (small) 0.1 (negligible)
Depression 0.3 (small) 0.4 (small)

#Effect sizes calculated based on raw mean differences from baseline to 10-day
follow-up.

TABLE 4 | Mean difference and effect size for DASS and STAI
measures by session type.

Adjusted mean difference

Outcome TM-IP (95% CI)

DASS total score

Baseline —3.6 (—15.5 to 8.3)

10 days —5.3(-15.1 to 4.5)

30 days -2.5(-12.5t0 7.5)
STAI

—3.3(-10.4 to 3.8)
3.2 (=3.0 to 9.4)
—2.4(-79t03.2)
2.8 (-9.9 to 4.4)
0.5 (~5.8 t0 6.7)
0.01 (—0.1 to 0.1)

Post-session 1
Post-session 2
Post-session 3
Post-session 4
Post-session 5

HRV coherence days 1-10

Note: Adjusted mean difference reflects the multilevel model estimates.
Abbreviations: IP = in-person; TM = telemedicine.

in change in scores post-intervention are not statistically signif-
icant, as indicated by the confidence intervals that all cross the
null value 0 in Table 4—adjusted mean differences. Based on the
noninferiority margins of 5 points for the DASS measure and 8
points for the STAI measure, noninferiority can be concluded for
the 10-day post-intervention follow up measurement of DASS
and for the STAI across all sessions except the second. Non-
inferiority was not established for the 30-day follow up DASS
measure nor the STAI measure after the second session, as the
upper bound of the confidence interval exceeded the non-
inferiority margin. Predicted means for all outcomes over time
and by session type are shown in Figures 2-4. Results depict
notable reductions in state anxiety scores after each session as
well as DASS scores at each post-intervention measurement.

Examination of the estimated marginal means obtained from
the MLM revealed that all participants showed increasing trend
of HRV coherence across 10 timepoints during the study and
that means were higher for the participants from the TM group
compared to those from the IP group, though not statistically
significant (Figure 4).

5 | Discussion
This study uses validated psychological measures of anxiety,

depression and stress in conjunction with physiological measures
of HRV to assess a brief heart rate variability biofeedback

intervention on a sample of COVID-19 frontline trainees,
comparing a remote telemedicine approach to in-person sessions.
In both the telemedicine group and the in-person group, we found
that the measure of HRV coherence (McCraty 2017), increased
successively across the 10-day intervention period, with overall
higher measures among the telemedicine group (though not
statistically significant). This confirmed our original hypothesis
that a brief HRV-BF telemedicine intervention delivered over the
course of 10 days was non-inferior to an identical in-person
intervention. The overall upward trend in HRV coherence is not
surprising, given that the practices associated with HRV-BF are
aimed to increase vagal tone, thus increasing vagal inhibition of
heart rate during expiration phase of respiration. However, the
higher HRV coherence measures among the telemedicine groups
raises the possibility that the telemedicine intervention may in
some ways be superior, as the interventions are otherwise iden-
tical. We postulate that the remote nature of the telemedicine
intervention offset some of the stressors experienced by partici-
pants, allowing them to benefit more greatly from the interven-
tion. The study was done at the height of the COVID-19 pandemic
(data collected from November 2020 to June 2021), a time during
which stressors upon frontline HCWs were at their peak. It is
possible that those in the telemedicine group benefited more
greatly from the intervention because the intervention fit much
more seamlessly into their schedules, while those in the in-person
group may have had the added stress of adhering to the schedule
of visits. It is also possible that in-person visits caused additional
stress because of fears regarding the transmission of COVID-19,
or that the wearing of masks, which was required at the time,
adversely affected the comfort of participants or ease of
completing breathing exercises during the in-person sessions.

As mentioned previously, the HRV measure assessed in this
intervention is independent of standard time and frequency
measures for HRV (Shaffer and Ginsberg 2017), and rather a
measure of cardiac coherence, the harmonic wavelike properties
of a heart rate over time (McCraty 2017; McCraty and
Zayas 2014). The limitations of the study conditions precluded
recording baseline HRV from which to derive measures of total
HRV (time and frequency-based measures). The coherence
measure was assessed by the device software (EmWave Inner
Balance) and is based on the formula of coherence ratio is
formulated as: (Peak Power/[Total Power — Peak Power]) ac-
cording to the low frequency peak on an HRV power spectrum
(McCraty and Shaffer 2015) and was measured during slow
paced breathing practices which were taught in the interven-
tion. Thus, it does not necessarily represent total amount of
HRYV as time-based measures of HRV such as SDNN or RMSSD
would, but rather an individual's emotional state [or their ability
to evoke a particular emotional state] (McCraty 2017; McCraty
and Shaffer 2015). While states of higher HRV cardiac coher-
ence have been linked to positive emotions such as appreciation
and compassion (McCraty et al. 1995; Tiller, McCraty, and
Atkinson 1996) and cardiac coherence (measured as ‘coherence’
in the study device and cited as ‘HRV coherence’ in this study),
activated by the practice of slow-paced breathing due to respi-
ratory sinus arrhythmia, or the natural variation of heart rate
over the breath cycle has been linked to increased self-
regulation (McCraty and Zayas 2014), the lack of relationship
between coherence and standard HRV metrics limits the inter-
pretation of our results.
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FIGURE 2 | Estimated marginal means of DASS total score. This figure depicts estimated DASS total scores across time (baseline, after 10-day

intervention, then 30 days after the intervention) for in-person and telemedicine groups, with 95% confidence intervals. Error bands are

represented by dashed lines and are based on 95% confidence intervals.
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FIGURE 3 | Estimated marginal means of STAI score. This figure shows estimated STAI scores for each of the five intervention sessions (pre and

post) for in-person and telemedicine groups, with 95% confidence intervals. Error bands are represented by dashed lines and are based on 95%

confidence intervals.

The study protocol emphasised to study participants the
importance of not only learning and practicing the techniques
taught in study sessions, but employing these tactics in times of
stress, emphasising stressful situations in the workplace, in this
case the COVID-19 frontline milieu. The fact that telemedicine
participants showed overall higher coherence could reflect
better comprehension and retention of the skills taught in study

sessions, leading to correct use of the techniques during prac-
tice, and implementation of techniques during stressors at work,
increasing their ability to self-regulate and to weather the
stressful situations they were experiencing.

Measures of depression, anxiety and stress (DASS instrument)
also improved over the course of the 10-day intervention, and
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FIGURE 4 | Estimated marginal means of HRV coherence. This figure depicts estimated HRV coherence scores across days of the intervention for
in-person and telemedicine groups with 95% confidence intervals. Error bands are represented by dashed lines and are based on 95% confidence

intervals.

showed a sustained effect at 30-day follow-up. While previous
studies have shown some sustained effects of biofeedback (not
specific to HRV-BF) on tension headache (Nestoriuc et al. 2008),
there is less evidence of sustained effects with regards to mental
health despite meta-analyses showing efficacy in reducing
symptomology (Goessl, Curtiss, and Hofmann 2017; Pizzoli
et al. 2021). As was the case with HRV measures, those in the
telemedicine group appear to have overall lower depression,
anxiety and stress scores. Since the study population was ran-
domized, this difference may be due to the conditions in which
they completed the mental health assessment instruments.
While DASS scores can be broken into subscores reflective of
depression, anxiety and stress, we were limited by small sample
size in our ability to examine the subscores in fully adjusted
multilevel models.

Our use of the ‘state’ anxiety subset of the State Trait Anxiety
Inventory (STAI Form Y-1, S-Anxiety) (Spielberger 1983)
allowed us to assess the effect of a single session, independent of
the overall intervention or follow-up, on participants’ level of
anxiety. All five of the sessions for both groups showed an
improvement in anxiety state. The ‘state’ subset of the STAI has
a cutoff of 40 points for clinically significant anxiety state. A
drop of 10 points can have true clinical consequence and benefit
for participants. Whether benefit was derived from the educa-
tion delivered during each session, practicing the techniques of
heart rate variability biofeedback, or the interaction with
research staff is more difficult to determine. Measurements of
total HRV (time or frequency-based measures) would allow us
to correlate this further in our next study.

Nevertheless, our results suggest that even one brief session
could contribute to lower levels of anxiety in this population.
Taken alongside previous studies which showed that even a

single session of HRV-BF results in improvements in HRV
measures (Lin et al. 2020; Prinsloo et al. 2013), we may
extrapolate that gains in HRV may accompany the improve-
ments in anxiety. Despite the fact that traditional HRV-BF
protocols rely on approximately 5-10 weeks (Khazan 2013; P.
Lehrer et al. 2013) to train individuals in the techniques of HRV-
BF (slow paced breathing), an abbreviated and compressed
protocol such as ours shows promise, and may be more feasible
among populations such as first responders/frontline HCWs in
crisis situations.

There are some limitations of our study. First, the pilot study
was planned and designed without the guidance of intervention
development frameworks such as the ORBIT framework
(Czajkowski et al. 2015) or the MRC framework (Bleijenberg
et al. 2018). Additional limitations relate to data collection. Due
to the limitations of the smartphone app and portable HRV-BF
device used, we were unable to capture time or frequency-based
measures of HRV, only the measure of coherence (see Measures
for specific formula for coherence). This hampered our capacity
to assess the effect of the intervention specifically on autonomic
balance and to correlate these changes with improvements in
mental health, as well as our ability to compare to many other
published studies on HRV-BF and generalise our results.
Furthermore, coherence measures were taken during paced
breathing exercises, rather than in a resting state, prohibiting
assessment of the impact of the intervention on resting HRV.

The complexity of the intervention presents a limitation as it is
difficult to discern the mechanisms at work. Because the
intervention contains multiple components including real-time
and video education, breathing instruction, the use of positive
emotion and HRV-BF, it is difficult to disentangle the effects of
each, particularly because there is no control group. The study
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population was highly educated, making the findings potentially
less generalisable. Furthermore, the in-person, condensed
intervention has not been tested against established, published
protocols of similar number of sessions such as Lehrer's 5 ses-
sion protocol (P. Lehrer et al. 2013). While commercially
available HRV biofeedback interventions such as the one used
in this study have the benefit of ease of delivery, considerations
for choice of hardware should include the data available for
analysis, as well as the ability to tailor the device to support
simplicity of the intervention protocol.

Other limitations relate to the fidelity of the delivery of the
intervention. The intervention was delivered by three different
individuals, according to scripted guides developed by the pri-
mary biofeedback practitioner. However, the study lacked fi-
delity checks to ensure consistency in the delivery. Finally, the
small sample size is a limitation of the study. However, the
greater number of telemedicine visits in our sample show that
the significant treatment effect shown in this group is very
promising. Despite the limits of the study, given the magnitude
of stressors shouldered by frontline HCWs during the COVID-19
pandemic, and the potential for similar situations should other
pandemics strike, our study significantly contributes to efforts to
support resilience among HCWs by teaching them simple, easy
to learn and effective techniques that can lower anxiety, stress
and depression. The utility of a telemedicine intervention makes
it a highly feasible, cost-effective and easily scalable intervention
with ease of delivery. While this study examined trainees, resi-
dents and fellows, it has implications for all HCWs and first
responders. Future studies should validate these findings in a
larger randomized controlled trial. Using the ORBIT model
(Czajkowski et al. 2015), we would consider our intervention to
be a Phase II preliminary testing phase as we translated an
existing in-person intervention, biofeedback, to a virtually-
delivered intervention. Per the ORBIT model, future studies
(phase III) efficacy studies would be the next step. A larger
randomized controlled trial would benefit from guidance
offered by intervention development framework tools to ensure
rigorous design, including establishing the equivalence of the
in-person intervention to published protocols. Given the evi-
dence that slow paced breathing without HRV-BF may have
similar effects on HRV measures as with HRV-BF (as well as on
other markers of emotion), future research on this intervention
may benefit from a control group of slow-paced breathing or
other singular components of this intervention to clarify effects.
Future larger studies would also benefit from correlating im-
provements in mental health measures with time and frequency
domain HRV metrics in addition to coherence.
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