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Abstract

Objectives Regulation of the heart by the brain is a vital function of the autonomic nervous system (ANS), and healthy ANS
function has been linked to a wide range of well-being measures. Although there is evidence of mindfulness-meditation-
related changes to brain functioning and heart functioning independently, few studies have examined the interaction between
brain and heart functions in experienced meditators.

Method This study compared measures of the brain—heart relationship between 37 experienced meditators and 35 non-
meditators (healthy controls) using three different analysis methods: (1) the heartbeat evoked potential (HEP; thought to
reflect neural sensitivity to interoceptive feedback); (2) the relationship between fronto-midline theta neural oscillations
(fm-theta) and the root mean square of successive differences (RMSSD) in electrocardiogram activity (an estimate of vagally
mediated heart rate variability); and (3) the correlation between heart rate wavelet entropy and electroencephalographic
wavelet entropy—a measure of signal complexity.

Results The HEP analysis indicated that meditators showed a more central-posterior distribution of neural activity time-
locked to the heartbeat (p <0.001, partial 7> =0.06) than controls. A significant positive relationship was also found between
fm-theta and RMSSD in meditators (F(2,34)=4.18, p=0.02, R>*=0.20) but not controls. No significant relationship was
found between EEG entropy and ECG entropy in either group.

Conclusions The altered distribution of evoked neural activity, and the correlation between brain and heart biomarkers
of vagal activity suggests greater neural regulation and perhaps greater sensitivity to interoceptive signals in experienced
meditators.
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Mindfulness

Mindfulness-meditation is a practice of non-judgmental
awareness centred on the present moment, with the goal of
harnessing a sense of openness and acceptance in attitude
toward one’s experiences (Kabat-Zinn, 2013). Regular mind-
fulness practice has been associated with both neurological
and physiological changes. For example, neuroimaging stud-
ies of meditators have revealed altered brain structure and
activation patterns in regions associated with exteroceptive
and interoceptive awareness, emotion, memory, and atten-
tion (Fox et al., 2014, 2016). Meditation-related changes
have also been observed in heart rate variability (HRV), and
these HRV changes have been associated with improvements
in attention (Burg et al., 2012), pain perception (Adler-Neal
et al., 2020), and emotion regulation (Mankus et al., 2013).
Although evidence has pointed to the effects of mindfulness
on the brain and heart independently, less is known about
the impact of mindfulness on the relationship between the
brain and heart. The nervous and cardiovascular systems
are inextricably linked in a synergistic and interdepend-
ent relationship (Ardell et al., 2016; Pereira et al., 2013).
Modulation of the brain-heart interaction can improve car-
diovascular functioning, reduce stress, and enhance pain
regulation (Alshami, 2019; Samuels, 2007; Silvani et al.,
2016). Thus, a greater understanding of the influence mind-
fulness has on brain—heart interaction could offer insights
into the unique and multidimensional health benefits of
mindfulness-meditation.

One method to investigate the effects of mindfulness on
the brain—heart relationship is to examine the association
between electrophysiological signals from the brain using
electroencephalography (EEG) and from the heart using
electrocardiography (ECG). Analysis of EEG and ECG
signals often involves an approach focused on only a single
measure, whereby unique features from each signal that are
known markers of neurological and/or physiological func-
tioning are analysed in isolation (Biel et al., 2001; Subha
et al., 2010). Although analysis of either ECG or EEG
modalities independently can extract specific measures of
interest that are associated with potential mechanisms of
change related to mindfulness practice, the single analysis
approach only offers an isolated understanding of a prede-
termined measure and thus might not accurately represent
the dynamic and multifaceted relationship between EEG
and ECG signals (Biel et al., 2001; Subha et al., 2010).
Moving beyond this conventional approach, the present
study sought to investigate the brain—heart relationship
through the lens of three unique conceptual frameworks
using three different analysis methods, all of which exam-
ined the relationship between the ECG and EEG signals.
This approach allows for a comprehensive understanding
of the impact mindfulness has on the brain-heart relation-
ship and mitigates the constraints of a single methodo-
logical framework. In the following sections, we briefly
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introduce the three conceptual frameworks that we exam-
ine in this study.

The first of the three frameworks centres on the Bayesian
brain hypothesis, which suggests that the brain infers proba-
bilistic beliefs about the world in accordance with Bayes’
theorem (Doya et al., 2014; Knill & Pouget, 2004). In short,
Bayes’ theorem prescribes a method of probabilistic rea-
soning that specifies how much one’s beliefs should change
based on new information (Puga et al., 2015). Bayesian brain
theories thus suggest that the brain functions by integrating
a priori knowledge (prior beliefs) with sensory evidence in a
way that mimics or approximates Bayesian inference. From
this perspective, subjective perception is not necessarily a
reflection of the world as it is, but the best guess of a predic-
tive model based on the functional integration of incoming
stimuli, past experience, and contextual evidence (Friston,
2012; Ongaro & Kaptchuk, 2019). In the Bayesian view, the
brain generates hypotheses about the world and our place in
it, and these hypotheses—based on beliefs formed through
prior experiences—are met by sensory inputs which confirm
or disconfirm predicted inputs (Manjaly & Iglesias, 2020).
If the hypothesis does not align with the incoming stimuli, a
prediction error occurs, creating an opportunity for the brain
to update its beliefs by integrating new information (Friston,
2012; Kwee, 1995; Manjaly & Iglesias, 2020; O’Reilly et al.,
2012; Ongaro & Kaptchuk, 2019).

However, prediction errors do not guarantee belief
updates. In some situations, existing beliefs can be pri-
oritised and outweigh the importance of sensory signals,
thereby reducing the degree of belief updating prompted by
prediction errors (Ongaro & Kaptchuk, 2019). For example,
chronic conditions involving pain can lead to hypersensi-
tivity, increased anxiety, threat detection, and catastrophic
beliefs about pain (Latremoliere & Woolf, 2009; Linton &
Shaw, 2011; Vlaeyen & Linton, 2000). Within the Bayes-
ian brain framework, these factors are thought to undermine
the reliability of sensory input, placing more weight (i.e.,
greater precision) on existing beliefs and contextual cues and
thus diminishing the extent of belief updating in response
to sensory signals (Ongaro & Kaptchuk, 2019). Non-judg-
mental awareness—a principle of mindfulness-meditation
that involves directing attention to sensations while holding
a neutral attitude (Bishop et al., 2004)—may influence the
magnitude of belief updates following a prediction error.
Non-judgmental awareness has been proposed to lessen the
influence of existing beliefs while promoting the salience of
sensory signals, thus increasing the amount of belief updat-
ing that occurs in response to a prediction error (Manjaly &
Iglesias, 2020).

One method to explore the influence of mindfulness prac-
tice on the brain using the Bayesian brain perspective was
proposed by Manjaly and Iglesias (2020), who suggested
that heartbeat evoked potentials (HEP) could be utilised to
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examine the effects of meditation on precision-weighted pre-
diction error and belief updates. The HEP is an event-related
cortical response synchronised to the heartbeat that occurs
between 200 and 600 ms after the R peak (highest amplitude
of the R wave in the QRS complex; Raj et al., 2018). HEP
amplitudes have been associated with interoceptive sensi-
tivity (Coll et al., 2021; Mai et al., 2018). For example, in
two separate studies (Montoya et al., 1993; Petzschner et al.,
2019), HEP amplitudes were measured while participants
directed attention toward an external stimulus compared
to an internal stimulus (heartbeat). Both studies reported
greater HEP amplitudes when attention was directed inter-
nally compared to externally. Resting state studies have
shown that HEP amplitudes can be lower in clinical groups,
for example, in individuals with borderline personality dis-
order compared to healthy controls (Miiller et al., 2015;
Schmitz et al., 2020). It is theorised that emotional dysregu-
lation (a diagnostic feature of borderline personality disor-
der) could disrupt interoceptive signal representation in the
brain and thus reduced interoceptive sensitivity, resulting
in lower HEP amplitudes (Back & Bertsch, 2020). Based
on these findings, HEP amplitude provides a quantitative
measure of neural sensitivity to interoceptive feedback. If
mindfulness shifts the balance of precision toward sensory
signals (and away from prior expectations), one would
expect stronger HEPs on average as a consequence of the
increased weighting of interoceptive inputs. Further, as
mindfulness-related improvements in interoceptive aware-
ness have been shown outside of active mindfulness practice
(Mehling et al., 2018), enhanced interoceptive sensitivity as
reflected by stronger HEPs is thus likely to also be apparent
while meditators are at rest, indicating enhanced interocep-
tion outside of active meditation practice periods as a result
of prolonged interoceptive training.

The second conceptual framework used in the pre-
sent study to investigate the effects of mindfulness on the
brain—heart relationship centres on parasympathetic regula-
tion. The parasympathetic nervous system is a subdivision of
the autonomic nervous system (ANS) that regulates bodily
functions (e.g., heart rate; Mankus et al., 2013; Wu & Lo,
2008) and is associated with top-down self-regulation (Sil-
vani et al., 2016). Mindfulness practice has been shown to
modulate brain and heart correlates of parasympathetic func-
tioning (Jinich-Diamant et al., 2020; Mankus et al., 2013).
For example, frontal midline theta activity (fm-theta), a neu-
ral oscillation within the 4 to 8 Hz range detected predomi-
nantly over the medial prefrontal areas, has been observed
to increase during meditation compared to rest (Baijal &
Srinivasan, 2010; Brandmeyer & Delorme, 2018; Clayton
et al., 2015). Fm-theta activity is thought to be associated
with sustained and internalised attention and has been found
to be increased by long-term meditation practice (Lee et al.,
2018; Mitchell et al., 2008). In a study investigating the

relationship between meditation, fm-theta, and cardiac
dynamics, fm-theta activity during the mindfulness medi-
tative state was anti-correlated with sympathetic activity,
suggesting that participants were perhaps less distracted
and more relaxed (Kubota et al., 2001). Fm-theta is also
generated by the anterior cingulate cortex (ACC), which is
linked with emotion and cognitive control processes, as well
as autonomic nervous system regulation, providing further
evidence that fm-theta is associated with parasympathetic
function (Matthews et al., 2004).

Meditation practice has also been shown to enhance HRV
metrics of vagally mediated parasympathetic activity, such
as the root mean square of successive differences (RMSSD;
Joo et al., 2010; Kirk & Axelsen, 2020) and high-frequency
heart rate variability (HF-HRV; Mankus et al., 2013;
Nagendra & Sasidharan, 2017; Wu & Lo, 2008). RMSSD
is a measure of heartbeat activity in the time-domain, while
HF-HRYV reflects activity in the frequency-domain; both
measures are highly correlated, reflect parasympathetic
reactivity, and both measures can be modulated by changes
in breathing patterns (Minarini, 2020; Thomas et al., 2019).

While extensive research has been conducted on the
effects of mindfulness on brain and heart metrics of para-
sympathetic functioning independently, few studies have
investigated the relationship between fm-theta and HRV.
One such study by Tang et al. (2009) investigated the rela-
tionship between the percentage of change between fm-theta
and nuHF—a normalised form of HF-HRV that compares
the ratio of low- and high-frequency HRV (Burr, 2007)—
before and after meditation training. After 5 days of short-
term meditation training, novice meditators showed a cor-
relation between the percentage change in fm-theta power
and nuHF, while no correlation was found in the control
group. Tang et al. (2009) argued that these results indicated
greater interaction and coupling between the autonomic
and central nervous systems following meditation training,
suggesting that mindfulness practice may improve self-
regulation by enhancing ACC control of parasympathetic
activity. However, Tang et al. (2009) measured fm-theta
without accounting for the contribution of non-oscillatory
EEG activity (commonly referred to as 1/f activity because
the distribution of power values across different frequencies
shows a 1/f slope). Recent research has demonstrated that
1/f non-oscillatory activity can contribute more power to
power—frequency measures than oscillatory activity and thus
may confound analyses of oscillatory activity (Donoghue
et al., 2020). Hence, unless the 1/f non-oscillatory confound
is removed prior to analysis, conclusions might not relate to
a relationship between fm-theta and HRV but could instead
reflect a relationship between 1/f non-oscillatory activity
and HRV. Furthermore, HF-HRV can be more susceptible
to differences in respiratory rates than RMSSD, and RMSSD
is a more accurate marker of vagal activity with changes
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in natural breathing patterns (Penttild et al., 2001; Schmid
& Thomas, 2021). Changes in respiratory rates have been
associated with long-term meditation (Peressutti et al., 2012;
Steinhubl et al., 2015) and may confound the observed
effects of mindfulness on HF-HRV. Thus, further investiga-
tion of the relationship between fm-theta activity (after the
subtraction of 1/f non-oscillatory activity) and RMSSD may
expand the existing understanding of mindfulness-related
practice effects on parasympathetic functioning—a reflec-
tion of the coupling between brain and heart.

Finally, the third method of analysis used in this study
to explore the synchronization between the brain and heart
relies on wavelet entropy. In biomedical research, power—fre-
quency spectrum analyses are typically used to examine bod-
ily signals such as EEG and ECG activity (Li et al., 2019;
Lomas et al., 2015; Shaffer & Ginsberg, 2017). Spectral
analyses are linear models based in the time—frequency
domain which can be used to isolate specific frequency
features of biomedical signals (such as EEG waveforms)
(Gao et al., 2016; Rosso et al., 2001). However, biomedical
signals are complex, with non-linear properties, and while
linear models provide some insights into neural or bodily
functioning, they are unable to capture non-linear features
(Bachmann et al., 2018; He et al., 2014). To better under-
stand the nonlinear properties of biomedical signals, non-
linear methods such as entropy analyses have been adopted
(Borowska, 2015). Entropy is a measurement of the degree
of uncertainty or information content within a system (Qui-
roga et al., 2001), where higher entropy corresponds to a
less predictable, more informative signal (Deolindo et al.,
2020; Gao et al., 2016; Rosso et al., 2006). For example,
cardiovascular control via sympathetic and vagal regulation
is a dynamic and nonlinear process influenced by a multitude
of factors, and although linear methods are typically used to
analyse HRV, nonlinear methods such as entropy analysis
have been argued to better represent the dynamic and com-
plex nature of heart rate control (Byun et al., 2019).

In mindfulness research, reduced (permutation) entropy
has been found in the EEG activity of experienced medita-
tors compared to novices during both rest and meditation
practice (Kakumanu et al., 2018; Vysata et al., 2014). This
result suggests greater synchronisation of the EEG signal in
meditators, perhaps indicating reduced information process-
ing associated with an increase in single-pointed attention
focus (Kakumanu et al., 2018; Vysata et al., 2014; Young
et al., 2021). In an extension of this research designed to
examine how the brain-heart relationship is affected by
mindfulness, Gao et al. (2016) and Sik et al. (2017) used the
discrete wavelet transform (DWT) to calculate the wavelet
entropy of both EEG and heart rate data. DWT decomposes
a time series into sets of average or low pass components,
where each set of components reflects the evolution of each
frequency component across time (Bajaj, 2020; Jacob et al.,
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2021). The DWT method thus incorporates temporal infor-
mation with spectral-frequency analysis, thereby taking into
account transient fluctuations of electrophysiological signals
(Bajaj, 2020; Jacob et al., 2021). Hence, wavelet entropy
measures the uncertainty, information content, and complex-
ity of signals in both the time and frequency domain, provid-
ing additional insights into the dynamics of EEG and heart
rate activity (see Rosso et al., 2006 for a detailed review).

Gao et al. (2016) and Sik et al. (2017) reported reduced
wavelet entropy in EEG and heart rate data during medita-
tion compared to rest in novice meditators. Moreover, both
studies also reported a stronger correlation between EEG
and heart rate entropy during mindfulness breathing com-
pared to rest. These authors speculated that this result might
indicate a greater detachment from visual sensory input and
may reflect mindfulness-related effects on the synchronisa-
tion of body and mind, suggesting improved coherence of
the parasympathetic nervous system.

While empirical support for any of the three theoretical
frameworks described above would provide evidence to
substantiate an increase in mindfulness-related connectiv-
ity between the brain and heart activity, the implication of
the results from each framework has discernible differences.
For instance, under the Bayesian brain framework, signifi-
cant differences in HEP amplitude between meditators and
non-meditators could suggest enhanced bottom-up sensory
processing. A significant correlation between fm-theta and
RMSSD among meditators would indicate practice related
enhancements in top-down parasympathetic regulation.
Lastly, a stronger relationship for meditators between EEG
and heart rate entropy could provide evidence for greater
detachment from external stimuli in meditators than controls.

Results from the studies outlined above (Gao et al., 2016;
Manjaly & Iglesias, 2020; Sik et al., 2017; Tang et al., 2009)
show evidence of mindfulness-related effects on brain—heart
interaction; however, two constraints limit the generalisa-
bility of the findings. First, participants primarily involved
novice meditators with short-term training. Mindfulness-
meditation can affect individuals differently over time, with
stronger effects found in meditators with long-term experi-
ence (Falcone & Jerram, 2018; Marchand, 2014; Wang et al.,
2021). Secondly, comparison conditions within previous
research tended to focus on state differences between medita-
tion and rest, rather than a comparison between experienced
meditators and non-meditators. While the effects detected
during meditation are informative, it is unclear from studies
focused only on the meditation state whether effects found
during mindfulness practice continue outside of practice ses-
sions. Thus, the present study sought to determine whether
mindfulness-related changes in brain—heart interaction are
evident in experienced meditators while participants are at
rest (rather than during active meditation practice). In par-
ticular, it was hypothesised that (1) experienced meditators
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would show larger HEP amplitudes at rest compared to
controls; (2) experienced meditators would demonstrate
higher levels of autonomic self-regulation, reflected by a
significant positive relationship between fm-theta minus 1/f
non-oscillatory activity and RMSSD, while no relationship
was expected in controls; and (3) experienced meditators
would show a significant positive correlation between EEG
and ECG entropy while nosignificant correlation would be
found for controls.

Method
Participants

The data presented here were collected across two separate
broader studies that examined differences in neural activity
between meditators and non-meditators at rest and while
attending to cognitive tasks (previous publications include
Bailey et al., 2019a, 2019b, 2020, 2023b; Payne et al., 2020;
and Wang et al., 2020). The current study included a subset
of 103 participants from those two studies who had ECG
recorded concurrently with their EEG recordings. Par-
ticipants in the current study had ages ranging from 18 to
65 years and included a total of 49 mindfulness meditators
and 54 healthy non-meditators. Participants were recruited
via advertising in the local community and meditation cen-
tres. Each participant was reimbursed AU$30 at the end of
their participation for parking and travelling expenses.
Inclusion criteria for meditators were (1) more than
2 years of meditation experience, (2) current weekly practice
of 2 or more hrs, (3) meditation practice aligned with either
body-scan or focused attention on the breath, and that (4)
practice was congruent with Kabat-Zinn’s (1994, p. 4) defi-
nition of mindfulness—*“paying attention in a particular way:
on purpose, in the present moment, and nonjudgmentally”.
Non-meditators (controls) were defined as participants with
no more than 2 hr of lifetime meditation experience. Expe-
rienced mindfulness researchers (GF, GH, NWB) screened
participants on the phone and in person, and screening ambi-
guities were discussed and resolved via consensus between
the principal researcher (NWB) and a second researcher.
Exclusion criteria included (1) current use of recreational
drugs or psychoactive medication, (2) current or previous
diagnosis of mental or neurological illness, (3) meeting diag-
nostic criteria for any psychiatric disorders on the DSM-
IV assessed using the Mini International Neuropsychiat-
ric Interview for DSM-IV (Sheehan et al., 1998), and (4)
scoring in the mild or above range on the Beck Depression
Inventory-II (BDI-II) or Beck Anxiety Inventory (Beck &
Clark, 1997; Beck & Steer, 1990). Two meditators were
excluded, with one participant reporting a history of men-
tal illness and another reporting less than 2 h of weekly

mindfulness practice. Four controls were excluded after
three participants scored within the clinical range on the
BDI, and one control participant did not complete EEG
recording. Further exclusions of select data were made for
EEG and ECG analysis. Four controls were excluded from
the analysis due to insufficient data length after EEG clean-
ing. A further ten meditators and ten controls were excluded
due to unusable ECG data.

Thus, final analyses were run on 37 meditators and 35
controls (Table 1). A significant difference in age was found
between groups (#(70) = —2.214, p=0.03), with meditators
significantly older than controls. Both fm-theta and HRV
have been shown to decline with age and thus could poten-
tially confound the results (Kardos et al., 2014; Umetani
et al., 1998). This is addressed in the “Results” section by
including age as a covariate in the analysis and the potential
limitations of this are considered in the “Discussion”. No
other demographic characteristics differed between medita-
tors and controls (all p > 0.05). Key demographic character-
istics of participants are presented in Table 1.

Procedure

A 64-channel Neuroscan EEG Ag/AgClI Quick Cap acquired
EEG data to Neuroscan software through a SynAmps2
amplifier (Compumedics, Melbourne, Australia). Electrodes
were referenced online to an electrode between Cz and
CPz, and the ground electrode was AFz. Impedances were
maintained at less than 5 kQ. Recordings were sampled at
1000 Hz and bandpass filtered from 0.05 to 200 Hz (24 dB/
octave roll off). ECG data were also acquired with Neuro-
scan software and SynAmps2 amplifier sampled at 1000 Hz.
Using bipolar referenced EMG measurement, two adjacent
EMG electrodes were placed below each clavicle (in line

Table 1 Demographic characteristics of participants

Meditators Controls
n 37 35
Gender 23 females, 14 males 21 females, 14 males
M (SD) M (SD)
Age* 39.03 (12.83) 32.49 (12.21)
Years of education 16.84 (2.14) 16.41 (2.86)
BAI 4.98 (5.15) 5.03 (4.84)
BDI 1.38 (2.19) 4.06 (5.15)
FEMQ** 153.33 (15.11) 134.37 (13.67)
Years of meditation  8.94 (9.75) 0
experience

Note: n, number of participants; BAI, Beck Anxiety Inventory; BDI,
Beck Depression Inventory; FFMQ, Five Facet Mindfulness Ques-
tionnaire

#p<0.05, **p<0.001
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with the middle of the clavicle) to simultaneously record
ECG activity into the same datafile as the EEG activity.
The recording length for each participant ranged from
2.5 to 3.5 hr depending on the study. In the first study,
tasks included Go/No-Go task, the colour Stroop task, the
emotional Stroop task, the 2-back task, and the Sternberg
working memory task, with resting recordings taken after
the Go/No-Go task (second task in the sequence of tasks
presented). The second study included the Go/No-Go task,
auditory oddball task, and attentional blink task, with rest-
ing recordings taken after the auditory oddball task (first
task). Resting EEG and ECG data were recorded for each
participant across two conditions: eyes opened (EO) and
eyes closed (EC). Previous research has identified differ-
ences in HEP amplitudes between EC and EO conditions in
healthy volunteers (Pang et al., 2019). Although this is not
the focus of our study and we were not expecting interac-
tions between the conditions and the different groups, we
included both EC and EO conditions to assess the consist-
ency of potential effects across the EC/EO conditions. The
duration of recording for each condition across both EEG
and ECG was approximately 3 min (6 min in total including
both the EO and EC conditions). Data were collected from
all electrodes except CB1, CB2, M1, and M2 for both condi-
tions, so recorded data included 60 active electrodes in total.

Data Analyses
Pre-Processing

MATLAB (R2018b and R2020a; the MathWorks, USA)
toolboxes EEGLAB (Delorme & Makeig, 2004) and
FieldTrip (Oostenveld et al., 2011) were used to process
EEG data. The procedure for cleaning EEG data was to
apply the RELAX pipeline (Bailey et al., 2022a, 2022b). A
summary of the cleaning process performed by the RELAX
pipeline is as follows: fourth-order Butterworth filtering was
applied to the data with a bandpass filter from 1 to 80 Hz
and a band stop filter from 47 to 53 Hz. Noisy electrodes
were then removed with the pre-processing (PREP) pipeline
(Bigdely-Shamlo et al., 2015) and RELAX’s default elec-
trode exclusion settings which are based on robust outlier
detection methods (full details can be found in Bailey et al.,
2022a). No more than 20% of electrodes were removed for
each participant. On average, 55 EEG channels remained for
both meditators (SD=3.12) and controls (§SD =4.15) in the
EO condition after rejection and 57 EEG channels remained
for both meditators (SD=2.52) and controls (SD=2.36) in
the EC condition after rejection. No significant differences
were found between groups in the number of electrodes
removed (all p <0.05).

Multiple approaches were then applied to reject extreme
outlying data and identify voltage drifts, eye movements,
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and blinks, as well as muscle activity (details are reported in
Bailey et al., 2022a, 2022b). Following this, a multi-channel
Wiener filter (MWF) was used to separately reduce muscle
activity, blinks, and then horizontal eye movement and volt-
age drift artifacts sequentially in three separately applied
MWFs (Somers et al., 2018). The MWF filter was selected
for its effectiveness in cleaning a wide variety of artifacts
while preserving a high signal-to-error ratio and a low risk
of the algorithm creating overcorrection artifacts (Somers
& Bertrand, 2016; Somers et al., 2018). Data were then
re-referenced using PREP’s robust average re-referencing
procedure which ensures data are not biased by the removal
of bad electrodes (Bigdely-Shamlo et al., 2015). Wavelet-
enhanced ICA was then applied to reduce any remaining
artefactual components identified by ICLabel (Castellanos
& Makarov, 2006; Pion-Tonachini et al., 2019). Electrodes
that were removed after being identified as bad in the ini-
tial extreme outlying rejection step were then interpolated
using spherical spline interpolation (Perrin et al., 1989).
Finally, for frequency-power and wavelet entropy analyses,
the EEG data were split into epochs of 5 s in length with a
1.5-s overlap on each side (providing 2 s within each epoch
for frequency-power computation and a sufficient buffer on
each side of the epoch to prevent edge effects from influ-
encing computations). Epochs that showed improbable volt-
age distributions or kurtosis values exceeding 5 SD for any
single electrode or 3 SD for all electrodes were rejected.
The percentage of rejected epochs from each participant
was consistent with prior research and remained below 15%
(Kosciessa et al., 2020). Epoching for the HEP analysis is
reported below.

Pre-processing of ECG data was conducted using the
software HRVanalysis (Pichot et al., 2016). The program
automatically detects R peaks and constructs beat-to-beat
(RR) signals as a series of time differences between succes-
sive heartbeats (Pichot et al., 2016). The software allows for
the automatic correction of invalid or missing beats using a
formula developed by Kamath et al. (2013). Although these
corrections generally result in a clean RR signal, they can
still produce inconsistent values when the original ECG
signal is too corrupted. Thus, R peaks were also visually
inspected and corrected when necessary.

EEG Processing

HEP data were analysed using EEGLAB (Delorme &
Makeig, 2004) and HEPlab (Perakakis, 2019). HEPLAB is
an EEGLAB plugin able to automatically detect R peaks in
raw ECG signals using a peak detection algorithm devel-
oped by Azevedo De Carvalho et al. (2002). Detected R
peaks (events) were visually inspected, and artifacts were
corrected when necessary. R peak events were then saved to
EEGLAB’s EEG structure. EEG data were epoched around



Mindfulness

the R peaks (— 100 ms to 650 ms). Epochs with two R peaks
within 700 ms of each other were excluded from the analysis
to ensure that the cardiac field artifact of the following heart-
beat could not drive any observed effects (Petzschner et al.,
2019). On average, in the EC condition, 189.43 (SD =24.48)
epochs were included in the analysis for controls and 194.06
(SD=33.64) epochs were included for meditators. In the
EO condition, on average 196.53 (SD =28.62) epochs were
included for controls and 197.3 (SD =34.7) epochs were
included for meditators. No significant differences were
found between groups in the number of epochs included
(all p>0.05). Previous studies on HEPs have avoided per-
forming baseline corrections of the data (which are typically
applied in event-related potential analyses) to avoid intro-
ducing artefactual biases from preceding heartbeats (e.g.,
Petzschner et al., 2019). However, electrode voltages can
slowly drift, and baseline correction is typically performed
to normalise voltages and address this potential confound.
Without baseline correction, there is the potential for dif-
ferences to be explained by slow electrode drift. To correct
for potential voltage drifts, a regression baseline correction
(rather than the traditional subtraction baseline correction)
was used (Alday, 2019). The regression baseline correction
method averages the amplitude of voltage within the base-
line period and records the value for each trial separately.
The regression baseline correction is then performed on each
channel separately by regressing out the variance in the HEP
from the baseline period. This approach does not introduce
differences from the baseline into the HEP (in contrast to the
subtraction baseline correction method, which transposes
baseline differences into the active period of interest; Bailey
et al., 2023a, 2023b). The specific implementation of the
regression baseline correction method used is provided in
(Bailey et al., 2022b). Separate analysis was also conducted
without baseline correction to directly replicate previous
research, the results of which are reported in Supplemen-
tary Materials 1.

Frontal-midline theta activity was computed at electrodes
Fz, FCz, and Cz using a Mortlet wavelet multi-taper convo-
lution transform with a 6-cycle width and a Hanning taper to
provide a measure of power in the 3-8 Hz frequency range.
Wavelet transforms calculate the power spectrum accounting
for variation in both the frequency and time domains, and
thus this transform is more appropriate for analysing signals
with transient or non-stationary characteristics (which are
commonly present in EEG data) than Fourier transforms
(Gandhi et al., 2011). To extend the methods reported by
Tang et al. (2009) and reduce the potential for confounds,
1/f non-oscillatory activity was subtracted from theta power
calculations using the methods provided by the eBOSC tool-
box (Kosciessa et al., 2020). These power values were then
averaged, resulting in a single value of theta power at each
electrode.

Wavelet entropy for EEG was calculated based on meth-
ods by Gao et al. (2016). The calculation gives a summary
estimate of signal complexity at each EEG channel. The
procedure for computation was as follows (Gao et al., 2016,
Supplementary Materials, p. 2):

Given a signal x, the wavelet coefficients are calculated as
¢; =< x, @; >, where @; is an orthonormal basis of the Harr
wavelet family and i = 1,2, ..., N denoting the decomposi-
tion levels. The relative energy is defined as p; = ci2 / Zf\; lcf,
with Zf\i p; = 1 and the wavelet entropy is calculated as

WE =3 pilog(p;)-
ECG Processing

RMSSD was obtained by first calculating the squared value
of the time difference (in ms) between each adjacent RR
interval (RRI). This value was then averaged, and a square
root of the total was calculated (Pichot et al., 2016; Shaffer
& Ginsberg, 2017). Frequency domain HRV metrics were
also calculated for comparison with RMSSD. The power
spectral density (PSD) for the RRI time series was calcu-
lated using Welch’s periodogram algorithm with a Hamming
window of 256 points, an overlap of 50%, and a precision
of 256 points/Hz. From the resulting PSD estimate, very
low frequency (VLF, 0.003-0.04 Hz), low-frequency (LF,
0.04-0.15 Hz), and high-frequency (HF, 0.15-0.4 Hz) spec-
tral powers, their ratio (LF/HF ratio), as well as the nor-
malized units of both LF and HF components (nuLF and
nuHF) were calculated. Calculations for nuLF and nuHF
are as follows: nuLF =100 X LF / (total power — VLF) and
nuHF =100 x HF / (total power — VLF). Total power for
short recordings is calculated as the sum of VLF, LF, and
HF bands (Shaffer & Ginsberg, 2017). RMSSD and HF-
HRYV were highly correlated (all > 0.8, p<0.001) within
all groups and conditions. Descriptive metrics for the HRV
measures are presented in Supplementary Materials 1.

The wavelet entropy of heart rate activity was calculated
from the RRI time series across both EO and EC condi-
tions. Following methods by Gao et al. (2016), a sliding
window of 200 RRIs and a step length of 10 were applied to
derive entropy estimates using the same method as described
above for EEG entropy. These estimates were then averaged
to yield a summary statistic of individual RRI entropy for
each participant per condition.

Statistical Comparisons

Statistical comparisons of HEP differences between groups
were conducted using the Randomization Graphical User
Interface (RAGU), which uses rank order randomization
statistics to compare global scalp field differences from all
electrodes and epoch time points between groups, assessing
differences in overall neural response (Koenig et al., 2011).

@ Springer



Mindfulness

For the primary analysis, a global field power (GFP) test was
performed to assess whether overall HEP amplitude differed
between groups irrespective of scalp distribution differences.
GFP is a reference-free EEG measure, which avoids an arbi-
trary choice of an EEG reference montage (Koenig et al.,
2011). RAGU uses the spatial standard deviation of the elec-
tric field from all electrodes simultaneously to obtain a sin-
gle GFP value for each point in time across the epoch, thus
controlling for multiple comparisons across space. A topo-
graphic analysis of variance (TANOVA) was also performed
on the baseline corrected data using the recommended L2
normalisation to determine whether groups differed in the
distribution of HEP activity across all electrodes. This L2
normalisation of the data accounts for differences in the vari-
ance between maps and is calculated through the division of
all possible values of a map by its GFP (Habermann et al.,
2018).

Additionally, the topographical consistency test (TCT)
was performed to assess the consistency of topographi-
cal activation within groups, in order to confirm that any
between group differences were not simply due to incon-
sistency within one of the groups (Koenig & Melie-Garcia,
2010). Inconsistent topographical activation can be inter-
preted as within-group variability and supports the null
hypothesis of no difference from 0 signal within a group/
condition, whereas consistent topographical activation
within groups allows valid TANOVA comparisons between
groups and conditions (Koenig & Melie-Garcia, 2010). The
TCT analysis is presented in Supplementary Materials 1.

Comparisons of HEP data were made for a 200- to 650-
ms window following the R peak (Petzschner et al., 2019).
GFP and TANOVA tests used a 2 group X 2 conditions (EC
and EO) design. The recommended 5000 randomization
runs were employed for each statistical test. Global dura-
tion statistics were used to control for multiple comparisons
across time points within the epoch. Global duration statis-
tics calculate the duration of significant effects within the
epoch that are longer than 95% of significant periods in the
randomized data. This ensures that significant differences
in the real data last longer than the random comparison data
with our alpha level of 0.05 (Grieder et al., 2012). In order
to determine whether the difference between groups in age
affected the results, the topographical analysis of covari-
ance (TANCOVA) was used to test the relationship between
age and the HEP data. TANCOVA functions the same as
TANOVA except it tests the relationship between a continu-
ous numerical predictor and the neural data (rather than test-
ing a between groups comparison).

For the second primary analysis, an average of the theta
values across the three frontal-midline electrodes was calcu-
lated for the EC condition separately for each group. Lower
within-group variability was observed for EEG data in the
EC condition and thus tests of the relationship between
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RMSSD and fm-theta activity in the EC condition were
chosen as the primary analysis. Using the software JASP
(version 0.14.1; JASP Team, 2021), a regression analysis
was performed to examine the relationship betweenthe aver-
aged fm-theta (after the removal of 1/f activity) and RMSSD
in both groups, with age included as a covariate. To examine
the relationship between EEG and ECG wavelet entropy val-
ues, a regression analysis was performed between the aver-
age EEG entropy values and RRI entropy values for each
group, again with age included as a covariate (Shaffer et al.,
2014).

Lastly, the Benjamini and Hochberg false discovery rate
(FDR; Benjamini & Hochberg, 1995) was used to control for
multiple comparisons across all primary statistical tests. The
correction was implemented on the global count p-values
from each main effect or interaction in RAGU, and on the
overall p-values from the regression analyses.

Results
Heartbeat Evoked Potentials
TANOVA

TANOVA using the recommended L2 normalisation for
variation in amplitude was performed to examine whether
groups differed in the distribution of HEP activity across
all electrodes (independently of overall amplitude). A sig-
nificant main effect of group was found from 200 to 294 ms
that survived global duration controls (33 ms) for multi-
ple comparisons, and also passed the global count statis-
tic (global count statistics across the whole epoch p=0.01,
FDR p=0.04). This result was also significant when activ-
ity was averaged across a window showing the significant
effect, from 200 to 294 ms (p=0.001, partial 7>=0.06), with
meditators showing HEP with a more central posterior dis-
tribution of positive voltages during this window. No inter-
action between group and condition (EC and EO) was pre-
sent (p > 0.05), except for a few brief time periods that did
not last longer than duration control multiple comparisons
(global count statistics across the whole epoch p=0.79).
Figure 1 depicts topographical differences between groups
for the significant window from 200 to 294 ms.

GFP

An exploratory GFP randomization test was performed
to assess whether the strength of HEP amplitude differed
between groups irrespective of scalp distribution differences.
There was no significant main effect of Group, with no peri-
ods of significance lasting longer than the duration control
of 43 ms (global count statistics across the whole epoch
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d

p-value

Fig.1 a TANOVA using L2 normalisation p-graph showing the sig-
nificant main effect of group and p-values across the duration of the
epoch (global count statistics across the whole epoch p=0.01, FDR
p=0.04). Green bars reflect periods that exceeded the duration con-
trol for multiple comparisons across time (33 ms). This period was a

p=0.45, FDR p =0.50), nor interaction for Group X Condi-
tion (EC and EO; global count statistics across the whole
epoch p=0.72) (see Fig. 2).

To assess whether age influenced the altered distribution
of HEP activity shown in the TANOVA test, a TANCOVA
was performed between the averaged activity within the sig-
nificant period shown in the TANOVA and participant age.
The TANCOVA between age and topographies averaged
across the significant HEP window (200 to 294 ms) was not
significant within both meditator (p =1) and control groups
(p=1) across both EC and EO conditions, suggesting those
HEP topographies were not related to age.

Frontal-Midline Theta and Heart Rate Variability

A linear regression was performed to assess whether
RMSSD could be predicted from averaged fm-theta (after
the subtraction of 1/f activity) in the EC conditions for both
groups with age included as a covariate. The relationship
between fm-theta and RMSSD was significant within the
meditator group (F(2,34)=4.18, p=0.02, FDR p=0.04,

Meditators

200

Controls

| ____CREEEEESC ]
-5 0 5

longer duration of significance than 95% of the 5000 randomizations.
b TANOVA with L2 normalisation topographic maps for each group
and a t-map for meditators topography minus control topography dur-
ing the 200 to 294-ms time window (averaged across the significant
period, p=0.001, partial #.2=0.06)

=0.20). Fm-theta significantly predicted RMSSD
(#=3.11, p=0.02); no significant relationship was found
between age and RMSSD (8= —0.54, p=0.07). For the con-
trol group, the overall regression was significant with age
included in the analysis (F(2,32)=3.72, p=0.04, R>=0.19).
Age significantly predicted RMSSD (= —0.82, p=0.01);
however, fm-theta did not significantly predict RMSSD (=
—6.67, p=0.53).

Wavelet Entropy

To examine the relationship between EEG and RRI wavelet
entropy values, a linear regression was performed with age
included as a covariate. No significant relationship between
EEG and RRI wavelet entropy values was present in either
the meditator group (£(2,34)=0.71, p=0.50, FDR p=0.50)
or the control group (F(2,32)=3.11, p=0.06). For compari-
son with previous research, exploratory group comparisons
were made for EEG entropy and RRI entropy separately.
A significant difference in RRI entropy (F(1,57)=5.02,
p=0.03, n”=0.08) was found between meditators and

Fig.2 a Main effect of group !
in GFP test across the duration 09
of the epoch (no significant a
periods lasted longer than the

duration control of 43 ms). b

Group effects by conditions

(EC and EO) interaction in
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effect of Group, nor interaction 03
for Group X Condition in GFP 02
was present
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controls, with controls exhibiting higher RRI wavelet
entropy values (Fig. 3). No significant difference was found
in EEG wavelet entropy between groups (F(1, 70)=0.01,
p=0.93) (see Supplementary Materials 1 for mean and
standard error of EEG and ECG entropy).

Discussion

In the present study, meditators showed a HEP with more
central posterior positivity compared to the control group.
A significant relationship was also found between fm-theta
activity and RMSSD, indicating stronger coupling between
brain and heart activity within the meditator group than in
the control group. Finally, an exploratory analysis showed
lower heartbeat entropy values in meditators compared to
controls, suggesting lower complexity (or less uncertainty/
lower information content) in their heart activity signals.
These results provide evidence of differences in neural pro-
cessing of heartbeat signals and greater coupling between
brain and heart functioning in long-term meditators, and
that these effects were present outside of active meditation
practice.

The inclusion of both the TANOVA with L2 normalisa-
tion and GFP analysis provides evidence that, while neu-
ral responses to the heartbeat signal were equal in strength
between the groups (no difference in GFP amplitude), there
was a between group difference related to the distribution of
neural activity during the HEPs. As this study was the first
to examine the effects of long-term mindfulness-meditation
experience on HEPs at rest, there is scant literature available

0.7 4
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0.5 -

0.4 4

0.3 4

0.2 -

RRI Wavelet Entropy

0.1 -

Controls

Meditators

Fig.3 Mean RRI entropy by group. Error bars represent standard
error. *p <0.05
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to directly compare our results. When examined in light of
existing HEP literature, the differences in neural distribution
of activity between groups during the HEP window could
suggest enhanced susceptibility to physiological signals and
thus greater brain—heart coupling in meditators.

The greater HEP amplitudes observed over the parietal
region in the current study might suggest that meditators
were less distracted by internal psychological processes
(e.g., mind wandering) while at rest, and were therefore
more sensitive to their interoceptive signals. Compared to
HEP amplitudes during an active task performance (e.g.,
heartbeat counting task) which tend to show greater activity
over fronto-central regions, HEP amplitudes during resting
states tend to show larger amplitudes over the central and
parietal regions (Lutz et al., 2019; Pang et al., 2019; Pollatos
& Schandry, 2004; Schmitz et al., 2020; Schulz et al., 2015;
Wei et al., 2016). Fronto-central activity during the HEP
window is thought to be modulated by attention (Canales-
Johnson et al., 2015; Garcia-Cordero et al., 2017; Marshall
et al., 2018), while HEP activity recorded from electrodes
over the central-parietal region are thought to be influenced
by somatosensory signal integration which occurs in both
task and resting states (Lutz et al., 2019; Miiller et al., 2015).
Therefore, greater HEP activity over central-parietal regions
in meditators while at rest could be an indication of more
sensitivity to interoceptive signals. Furthermore, the lack
of difference in HEP amplitude between the eyes open and
eyes closed conditions in our results perhaps indicates the
degree of interoceptive signal sensitivity for meditators was
not impacted by differences in visual stimulation between
the eyes open or closed conditions. This perhaps suggests
that the increased bodily awareness in meditators reflects
a trait effect that is not modulated by the increased exter-
nal visual stimulation present when participants rested with
their eyes open compared to their eyes closed. Similarly, the
greater HEP amplitudes observed over the parietal region
in the current study might suggest that meditators were less
distracted by external sensory stimulation while at rest and
were more attuned to their interoceptive signals.

Relating to the Bayesian brain hypothesis, the difference
in HEP distribution over the parietal region might imply
enhanced neural sensitivity to interoceptive feedback. In a
study by Baranauskas et al. (2021), HEP amplitudes were
found to be more positive at the central-parietal areas when
the current beat-to-beat interval (RRI) was longer than the
preceding RRI, suggesting that increased parietal processing
of heart rate information is associated with a longer post-
ponement of the next heartbeat. Under the Bayesian brain
framework, increased activation in these regions when RRIs
are prolonged could be indicative of reduced weighting of
existing beliefs, and increased processing of interoceptive
prediction errors based on sensory input, an effect that a
Bayesian brain perspective on mindfulness has suggested
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is likely to be present (Baranauskas et al., 2021; Manjaly
& Iglesias, 2020; Smith, 2017). To test whether this effect
differed between meditators and non-meditators in our data,
we conducted a follow-up analysis to examine whether
meditators showed higher HEP amplitudes over central-
parietal regions when RRIs were longer than the previous
RRI (RRI+) compared to when RRIs were shorter than the
previous RRI (RRI—). We did not find any significant results
within this post hoc exploratory analysis, including no sig-
nificant main effect for RRI — compared to RRI+ (see Sup-
plementary Materials 1). We suspect that this may be due
to the differences in the procedure of our study and those of
Baranauskas et al. (2021), as we did not design our study to
replicate their findings. In the study by Baranauskas et al.
(2021), the authors examined single electrodes. The signifi-
cant result they found was for five channels over the central-
parietal region (Pz, P3, Cz, C4, O1) with each channel show-
ing a significant difference in the strength of HEP amplitude
between RRI+and RRI —. Instead of using single electrode
analyses, we examined HEP activity across the whole scalp
with all channels included in our analysis. We discuss the
strengths and weaknesses of these methods below but note
here that an advantage of the whole scalp approach is that it
addresses the reliance of single electrode methods on select-
ing electrodes of interest for analysis, an issue that can lead
to false positive results (Kilner, 2013). Further research is
required to determine whether central-parietal HEP ampli-
tudes are modulated by RRI intervals to resolve the conflict
between our findings and those of Baranauskas et al. (2021).

Despite this, group differences in the topographic distri-
bution of HEPs in our study indicate the unique processing
of interoceptive signals for meditators with greater activity
in regions associated with bottom-up sensory integration at
rest. Future studies could test for corroborating evidence for
this interpretation by including a separate heartbeat detec-
tion task to examine whether increased heartbeat-evoked
activity over parietal-occipital regions correlates with
higher heartrate detection scores in experienced meditators
while they are at rest. This could provide further evidence
of mindfulness-related enhancements in interoceptive accu-
racy (however, note that the validity of heartrate detection
scores is still being debated; Ring & Brener, 2018; Ring
et al., 2015; Zamariola et al., 2018).

In contrast to the hypothesis that experienced meditators
would show greater HEP amplitudes than the control group,
no significant group differences were found in global HEP
amplitudes. Our prediction for a difference in global HEP
amplitudes was based on the assumption that HEP amplitude
across the whole brain would reflect increased weighting of
the interoceptive signal, as HEP amplitude in past studies
has been associated with greater interoceptive sensitivity
to the heartbeat (Canales-Johnson et al., 2015; Judah et al.,
2018; Petzschner et al., 2019). The contrast between our

finding and previous research might not be indicative of a
lack of difference in interoceptive sensitivity in meditators
in our study, but instead could be due to differences in the
analysis methods employed. Previous studies that have dem-
onstrated differences in HEP amplitude between conditions
or groups have tended to focus on either single electrode
analyses (Judah et al., 2018; Schulz et al., 2015) or brain
region of interest differences in HEP amplitudes (Canales-
Johnson et al., 2015; Garcia-Cordero et al., 2017; Marshall
et al., 2018). Analysis of a single parietal or occipital elec-
trode in the current study would likely show higher HEP
amplitudes in the meditator group than the control group, as
our test of the topographical distribution of activity during
the HEP window shows that these electrodes had increased
positive voltages compared to controls. However, single
electrode analyses are unable to discriminate between differ-
ences in the distribution of neural activity and differences in
the strength of neural response (Koenig et al., 2011). Similar
issues arise with comparisons of regional brain differences
in HEP amplitude. By including all electrodes in our analy-
sis, we were able to determine that the difference between
groups was produced by a difference in the distribution of
neural activity, and as such, we were able to more accurately
characterise inter-individual differences in the activation pat-
terns of event-related neural responses.

As predicted, a significant positive correlation was found
between fm-theta and vagally mediated HRV (RMSSD) in
meditators, while no such relationship was found for the
control group. These results extend those reported by Tang
et al. (2009) who found a correlation between the percent-
age change in fm-theta power and nuHF in a sample of
participants after 5 days of meditation training. First, we
found additional evidence of a positive association between
fm-theta and HRV in meditators, whereby meditators with
higher RMSSD tended to demonstrate greater theta-band
activity. Crucially, our estimates of theta-band power were
corrected to eliminate the potential confounding effect of
differences in1/f non-oscillatory activity (Donoghue et al.,
2020). Secondly, the present study determined that the rela-
tionship between fm-theta and HRV was present in medita-
tors at rest, indicating that mindfulness-meditation may alter
brain—heart interaction while participants were in a general
state of relaxed awareness, and that effects are not limited to
when meditators are actively meditating.

The results are in line with previous research linking
theta activity to HRYV, particularly RMSSD. For example,
significant positive correlations between theta power and
RMSSD have been observed in healthy participants while
at rest and when participants were asked to take deep slow
breaths (Sinha et al., 2020). In research using brain stimu-
lation techniques, increases in fm-theta activity through
intermittent theta-burst stimulation (iTBS)—a form of
brain stimulation that modulates theta activity (Suppa
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et al. (2016) for a comprehensive review of iTBS)—have
been found to relate to increased RMSSD post stimulation
(Cosmo et al., 2022; Keerthy et al., 2021). Both fm-theta
and RMSSD are also associated with vagal tone (Kubota
et al., 2001; Shaffer et al., 2014). Vagal tone reflects para-
sympathetic control over heart rate and is sensitive to atten-
tional demands (McLaughlin et al., 2015; Park et al., 2012).
For example, increased working memory and attention
demands have been shown to lower RMSSD, suggesting
a cognition-related reduction in vagally mediated cardiac
activity (Hansen et al., 2003). Greater vagal activity has also
been found in individuals with greater attentional control in
attention demanding tasks (Park et al., 2012). Fm-theta has
been implicated in mindfulness-related reduction in mind
wandering and improved attentional functioning (Baijal &
Srinivasan, 2010; Brandmeyer & Delorme, 2018; Cavanagh
& Shackman, 2015; Clayton et al., 2015). Given the above
points, the significant relationship between fm-theta activity
and RMSSD in experienced meditators may suggest altered
co-ordination of central and autonomic nervous system func-
tioning and greater vagal tone due to increased attentional
control (Shaffer & Ginsberg, 2017).

These findings are also congruent with mindfulness
research that has identified changes in activity and volume in
the ACC in experienced meditators (Fox et al., 2012, 2016;
Zsadanyi et al., 2021). For example, in a fMRI study, Short
et al. (2010) examined regional brain activation in medita-
tors during a 12-min meditation session. The authors found
that during meditation, experienced meditators showed more
stable and sustained activation in the ACC region than medi-
tators without much experience in meditation. In a separate
study, increased cortical thickness of the ACC has been
demonstrated in experienced meditators compared to con-
trols (Grant et al., 2010). Mindfulness techniques enhance
attention and acceptance for one’s inner and outer experi-
ences reducing emotional reactivity (Kabat-Zinn, 1994).
Enhanced attentional functioning and reduced emotional
reactivity are both associated with modulation of the ACC in
meditators (Tang et al., 2016; Wheeler et al., 2017; Zsadanyi
et al., 2021). The ACC is also associated with parasympa-
thetic regulation and thus is directly related to the modula-
tion of HRV (Beissner et al., 2013). Together, findings from
the present study demonstrate that long-term mindfulness
practice might enhance parasympathetic modulation, an
effect illustrated by the increased connection between fm-
theta and RMSSD, and that these effects are retained outside
of active meditation practice.

Unlike findings reported by Gao et al. (2016) and Sik
et al. (2017), EEG and RRI wavelet entropies were not sig-
nificantly correlated in the meditator group, nor in the con-
trol group. Nor were there differences between the groups
in EEG measures of wavelet entropy. The inconsistency
between our finding and the previous research could be
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attributed to a number of factors. Entropy values measured
in the EEG are sensitive to attentional state, and entropy
values have been shown to be correlated with changes in
mental focus, attention, and cognitive fatigue (Azarnoosh
et al., 2011; Wang et al., 2015). Both EEG and RRI wave-
let entropy has also been associated with alertness levels in
participants (Lin et al., 2018). In the research by Gao et al.
(2016) and Sik et al. (2017), EEG and RRI wavelet entropy
were significantly correlated during active meditation prac-
tice and were not significantly correlated while participants
were at rest. As such, our null result may indicate that the
relationship between RRI and EEG wavelet entropy may be
dependent on whether participants are actively engaged in
an attention-related exercise, and as such the resting state
recordings in our study did not reveal any relationship. Thus,
coherence between EEG and RRI wavelet entropies may be
state-dependent, manifesting when participants are meditat-
ing but not at rest.

A notable finding in our study was the higher RRI wavelet
entropy in controls relative to experienced meditators. As
discussed, wavelet entropy indexes the amount of informa-
tion within the signal, with greater entropy values indicating
more signal irregularity (Natwong et al., 2006). This tech-
nique has been adopted to investigate and detect abnormal
heart activity (Natwong et al., 2006; Rddenas et al., 2015).
For example, Natwong et al. (2006) found that patients with
ventricular late potentials (VLP; a marker of heart disease)
showed higher RRI wavelet entropy than patients without
VLPs. Additionally, in testing for confounding variables, we
also investigated the relationship between age and RMSSD.
The results revealed that for controls, RMSSD correlated
significantly negatively with age, while for meditators, the
relationship between age and RMSSD was not significant.
RMSSD has been consistently shown to decrease with age,
signalling a decline in top-down parasympathetic modula-
tion of HR (Umetani et al., 1998; Voss et al., 2012). Our
results for the control group are thus in line with past
research, while for meditators ageing appears to have less
impact on top-down parasympathetic modulation of HR.
Together with the wavelet entropy findings, the results could
suggest that mindfulness practice may decelerate age-related
decline in top-down parasympathetic modulation, thus help-
ing to preserve better heart health as demonstrated by lower
RRI entropy values.

Limitations and Future Research

Engagement in mindfulness-meditation can be influenced
by various socio-demographic factors such as education
level, with those of higher education more likely to prac-
tice mindfulness-meditation (Olano et al., 2015). While
the present study matched participants across groups
with similar education level, differences in personality



Mindfulness

characteristics, life experiences, and even neurobiological
traits that motivate mindfulness practice remain as limi-
tations in cross-sectional studies (Mascaro et al., 2013).
The lack of standardisation of meditation practices across
the meditators included in our study could also present as
a limitation. Meditators were identified based on a set of
inclusion criteria that were consistent with description by
Kabat-Zinn (1994, p.4) description of “paying attention in
a particular way: on purpose, in the present moment, and
nonjudgmentally”. However, the school and tradition of
their practice varied and thus our meditator group were not
uniform in the techniques practiced. This presents a bar-
rier to the conclusions we have drawn, as our conclusions
are not limited to a set of clear definitive practice tech-
niques. This factor does however allow for the generalisa-
tion of the result across different mindfulness-meditation
practices with techniques resembling those set out in our
inclusion criteria. A potential confounding variable in our
study was the significant age difference between groups.
However, since age did not correlate significantly with
any of the outcome variables of interest in our primary
analyses (except with RMSSD in the control group), the
difference between groups in age does not affect our inter-
pretation of the results. Lastly, as meditation experience
and age were confounded in our sample, we were unable
to determine the effect of meditation experience on the
brain—heart relationship in meditators. Further research
including participants of a similar age but with different
amounts of mindfulness experience could be used to exam-
ine how meditation experience affects psychophysiological
measures, which could enhance our understanding of dos-
age and application of mindfulness practice.

Our results showed that long-term mindfulness-med-
itation practice can enhance brain—heart integration, sup-
porting both a Bayesian brain model that suggests mind-
fulness affects the brain—heart relationship by increasing
bottom-up processing of sensory signals, and a model that
suggests mindfulness increases top-down regulation of the
heart by fm-theta activity. The detection of differences in
the brain—heart connection is particularly significant for
understanding mindfulness-specific effects on ANS function
(Tracy et al., 2016; Wu & Lo, 2008). Overall, the study’s
results promote a greater understanding of the mechanisms
underlying mindfulness-related effects on the brain—heart
connection and offer insights into the potential health con-
sequences of long-term mindfulness practice.
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