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Abstract

Background: Mindfulness meditation has been reported to reduce stress and enhance well-being. However, its effects on heart
rate variability (HRV)—a physiological marker of stress—remain underexplored.

Objective: Thisstudy aimed to examine how meditation practice is associated with subjective stress, HRV, and their interaction,
using mobile health technologies.

Methods: This 3-week observational study included 90 participants—19 meditation practitioners (meditation group), 32
recreational runners as an active control group characterized by lower stress and higher HRV (running group), and 39 individuals
without regular meditation or exercise habits (control group). HRV was continuously recorded using Garmin smartwatches.
Subjective stress levels and activity states were assessed 3 times daily through a smartphone-based experience sampling method,
yielding atotal of 4557 responses (mean 50.6, SD 22.8 per participant). From the meditation group, start and end times of 632
daily meditation sessions (mean 33.3, SD 18.3 per participant) were also collected via the app. Standardized questionnaires on
stress and related measures were administered at the end of the study period.

Results. The questionnaire survey confirmed that stress levels were significantly lower in both the meditation and running
groups compared with controls (median Perceived Stress Scale scores. meditation 21, IQR 17-24; running 22, IQR 19-25; control
25, 1QR 21-30; Kruskal-Wallis P=.02; adjusted Wilcoxon P=.05 and .04, respectively). Smartwatch-derived HRV (root-mean-square
of successive differences [RMSSD]) was elevated in the running group relative to controls (median 47.0, IQR 44.0-54.2 and
median 42.0, IQR 34.2-47.8, respectively; P<.001), whereas no significant difference was observed between the meditation and
control groups (median 40.8, IQR 35.5-44.4 and median 42.0, IQR 34.2-47.8, respectively). Bayesian analysis of the experience
sampling method dataindicated that higher subjective stresslevels were associated with a concurrent RM SSD reduction of —2.24
(95% credible interval —3.97 to —0.26) milliseconds. Although this pattern was consistent across groups, the steeper decline of
—3.94 (95% CI —7.04 to —0.74) milliseconds was observed only in the running group, likely reflecting their elevated baseline
HRV. Additionally, Bayesian modeling of 632 logged meditation sessions revealed an acute RM SSD increase of +4.68 (95% Cl
2.96 to 6.38) milliseconds during meditation, with effects maintained for at least 30 minutes post practice.

Conclusions: Although HRV among meditation practitioners did not appear elevated in overal daily life, the ability to increase
HRV at arbitrary timings, along with the prolonged residual effect, may correlate with stress reduction. This hypothesis requires
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further exploration with adequate controls. Despite the preliminary nature of this study dueto itslimited sample size, our findings
highlight the potential of mobile health—based methodol ogies to capture stress and HRV dynamicsin real-world settings.

(J Med Internet Res 2026;28:€78244) doi: 10.2196/78244
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Introduction

Mindfulness refers to a psychological state characterized by
present-moment awareness and nonjudgmental acceptance of
one’s experiences [1]. Although originally rooted in Buddhist
traditions, mindfulness meditation (hereafter referred to simply
as meditation) has been redefined as a secular mental practice
aimed at cultivating mindfulness, and is now widely adopted
in nonreligious contexts for its potential to reduce stress and
enhance well-being [2,3]. Numerous studies have demonstrated
the effectiveness of meditation in reducing perceived stress
through self-report measures [4-6]. However, these studies have
primarily assessed stresslevelsin constrained |aboratory settings
or before and after fixed intervention periods, leaving theimpact
of daily meditation practice on rea-world stress largely
unexplored.

Psychological stress is commonly conceptualized as a
transactional process in which environmental demands are
appraised astaxing or exceeding one’s coping resources, thereby
eliciting emotional and physiological responses[7]. Inthisstudy,
we focus on perceived stress (ie, subjective appraisal) as
captured by self-report measures[8]. In addition to retrospective
guestionnaires, subjective stress levels can be assessed using
the experience sampling method (ESM), which is also referred
to as ecologica momentary assessment [9,10]. While
guestionnaires are suitable for capturing general trends in
perceived stress, ESM enables participants to report their
thoughts, emotions, and behaviors multiple times per day in
real time, within their natural environments. This approach
enables the simultaneous collection of contextua information,
facilitating the examination of temporal relationships between
stress and other variables in everyday life. Recently, ESM has
been used in meditation research to evaluate the stressreduction
effects in rea-world contexts [11,12]. For example, a recent
study used ESM to examine the effects of a brief
mindfulness-based intervention and demonstrated that, although
no acute changes were observed during the intervention phase,
stress decreased at postintervention and follow-up [13].

Heart rate variability (HRV) iswidely used as a physiological
marker of stress, reflecting autonomic nervous system balance
through fluctuations in beat-to-beat intervals (BBIs). Higher
stresslevel sare generally associated with reduced HRV [14,15].
Although HRV has traditionally been measured using
electrocardiography (ECG), recent advances in mobile health
(mHealth) technologies have enabled widespread use of
consumer-grade  wearable devices that rely on
photopl ethysmography (PPG) [16,17]. PPG-based measurements
are more susceptible to noise than ECG, particularly under
conditions  involving  motion.  Studies  comparing
wearable-derived PPG measureswith ECG in daily-life settings
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show that agreement is condition-dependent—often higher
during low-motion periods, such as deep—and that PPG-derived
indicesare not alwaysinterchangeablewith ECG-derived HRV,
underscoring the need for appropriate quality control and
cautious interpretation [18,19]. Nevertheless, PPG-based
wearables offer practical advantages, including portability, long
battery life, and feasibility for long-term monitoring in
real-world environments. Their low cost and widespread
adoption further enablelarge-scale popul ation studies, and recent
evidence indicates that PPG-derived HRV metrics are
sufficiently reliable to capture population-level patterns of
autonomic function across age, sex, and circadian rhythms,
supporting their usein stress-related research [20].

Laboratory-based studies have consistently demonstrated an
inverse association between HRV and perceived stress,
particularly under experimentally induced stress conditions. A
recent laboratory investigation using PPG-derived HRV from
wearable devices has replicated these findings, demonstrating
reliable reductions in HRV during controlled cognitive stress
tasks and strong concordance with ECG-based measures aswell
asvalidated psychological stressscales[21]. However, findings
in everyday life settings have been inconsistent [22-25]. More
recently, a study integrating ESM with PPG-based wearable
devices for continuous HRV monitoring has begun to clarify
this relationship in real-world contexts; although effect sizes
are generally modest, el evated perceived stress has been shown
to be significantly associated with concurrent reductionsin HRV
[26]. A recent ambulatory study in a clinical population also
demonstrated that HRV-based stress detection can meaningfully
capture real-world stress states, particularly when individual
characteristics, such as age and BMI, are taken into account,
supporting the practical utility of wearable HRV for stress
assessment beyond laboratory settings [27].

Although transient increases in HRV during meditation have
been consistently reported in laboratory settings [28,29], whether
long-term meditation practice yields maintained enhancements
in HRV remains uncertain, asfindings from intervention studies
have been mixed. Indeed, an ambulatory randomized controlled
trial found no significant effects of mindfulness-based
intervention on daily-life HRV indices [30], and a recent
meta-analysis reported only small-to-moderate and highly
heterogeneous effects on vagally mediated HRV [31]. Consistent
with this uncertainty, a recent systematic review of brief
mindful nessinterventions concluded that evidencefor long-term
HRV enhancement remains limited and of low quality [32].
Moreover, recent repeated-measures data show that
meditation-related HRV modul ation emergestransiently during
practice, is stronger among experienced practitioners, and does
not manifest as elevated baseline or daily-life HRV, indicating
predominantly state-dependent and experience-dependent rather
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than trait-level effects [33]. Notably, most of these insights are
derived from laboratory-based measurements or structured
intervention designs, and there has been little to no observational
research systematically examining HRV patterns in daily-life
settings or during routine meditation practice among experienced
meditation practitioners. In contrast, thereis clear evidence from
another behaviora domain—regular physical activity—that
long-term, habitual engagement can be reflected in elevated
everyday HRV. Physical activity is well established to confer
stress-reducing benefits[34,35], and athletes consistently exhibit
higher resting and daily-life HRV compared with nonathletic
individuals [36,37], providing a useful reference for
understanding how continuous practices may shape autonomic
regulation in naturalistic settings.

In summary, despite growing evidence linking meditation to
stress reduction and HRV elevation, the lack of real-world
monitoring has limited our understanding of how these
relationships unfold in daily life. We therefore conducted an
observational study to investigate the rel ationship between stress
and HRV in experienced meditation practitioners, integrating
smartwatch-based HRV monitoring and ESM. The study was
conducted on 90 participants consisting of 3 groups—19
meditation practitioners (meditation group), 32 recreational
runners as an active control group characterized by lower stress
and higher HRV (running group), and 39 individuals with
neither a regular meditation nor exercise routine as a passive
control group (control group). Over a period of 3 weeks,
participants continuously wore Garmin smartwatchesto monitor
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HRV. In parallel, smartphone-based ESM was used to assess
momentary perceived stress and activity statesthroughout daily
life. At the end of the monitoring period, participants compl eted
a web-based questionnaire evaluating subjective stress and
related factors. Furthermore, for the meditation group, thetiming
of each daily meditation onwaslogged viathe smartphone
app, alowing the capture of HRV dynamics during and after
practice. These multimodal datasets were integrated to address
the following key questions:

1. Do meditation practitioners exhibit lower levels of perceived
stressin daily life, consistent with previous findings?

2. Are HRV levels in daily life elevated among meditation
practitioners compared with control participants?

3. Do real-time associations of stress with activity states and
HRV differ between meditation practitioners and control
participants?

4. During regular meditation sessions, do meditation
practitioners show increases in HRV, as reported by
laboratory-based studies, and if so, how long are such increases
maintained after meditation sessions?

Taken together, this study seeks to quantitatively assess how
meditation practice is associated with subjective stress, HRV,
and their interaction in real-world settings, leveraging mHealth
technologies to extend beyond the constraints of controlled
laboratory environments (Figure 1).

Figure 1. Graphica Summary of our study design. Data were obtained from 90 participants divided into 3 groups—19 meditation practitioners
(meditation group), 32 recreational runners (running group), and 39 individuals with neither regular meditation nor exercise routines (control group).
Over a 3-week period, participants continuously wore Garmin smartwatches to monitor heart rate variability. In parallel, a smartphone-based ESM was
used to assess momentary stress and activity in daily life. At the end of the study, participants completed a web-based questionnaire on subjective stress
and related psychological variables. For the meditation group, daily practice times were logged viaa smartphone app to enable fine-grained analysis of
heart rate variability dynamics during and after meditation. ESM: experience sampling method; HRV: heart rate variability.
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Methods

Participants and Recruitment

We recruited healthy adults aged 18 years and older who did
not receive medical treatment or take regular medication. We
grouped participants based on the following criteria:

1. Meditation group: Participants must have at least 1 year of
experience in  secular mindfulness meditation (eg,
mindfulness-based stress reduction and mindfulness-based
cognitive therapy) or meditation based on traditional schools
of Buddhism (eg, Theravada and Zen). They must practice
meditation for at least 20 minutes a day, 5 days a week, and
meet at |east one of the following criteria:

a. Participation in an intensive meditation retreat of at least 1
week.

b. Completion of a teacher training course in the Method of
Clinical Meditation [38].

c. Completion of an 8-week mindfulness program (eg,
mindfulness-based stress reduction and mindful ness-based
cognitive therapy).

2. Running group: Participants must have no regular practice
of meditation or yoga, no participation in meditation courses
(retreats or multiweek programs), and must run for at least 30
minutes a day, 4 days aweek, for more than ayear.

3. Control group: Participants must have no regular practice of
meditation or yoga, no participation in meditation courses, and
exercise no more than 2 days a week for a maximum of 30
minutes per day.

All participants were required to own an iPhone (Apple Inc),
as data collection and experience sampling were conducted
using UTracker, an in-house iOS app. The app is compatible
with Garminwatch models Vivosmart 4, ForeAthlete 245/245M,
and ForeAthlete 745. We provided Vivosmart 4 to participants
who did not own compatible Garmin watches at the time of the
data collection, while those who aready owned one of the
supported models used their own devices.

We prepared aproject website describing the recruitment criteria
and study conditions, along with alink to the application page.
On the application page, participants provided information
regarding their health profiles and gave informed consent
electronically before enrollment. Participant recruitment was
conducted through multiple channels. Pressrel eases announcing
thelaunch of the project wereissued, which alsoincluded acall
for research participants together with a link to the project
description page. The same recruitment information was also
disseminated via social media platforms, including Facebook.
In addition, recruitment announcementswere distributed through
a Garmin-operated mailing list targeting Garmin users, which
proved particularly effective for enrolling participants in the
running group. In addition to these standard recruitment
approaches, participants in the meditation group were also
recruited through direct contact via the authors' personal
networks.

https://www.jmir.org/2026/1/€78244
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During a 2-month recruitment period from August 2 to
September 30, 2022, a total of 301 individuals applied to
participate in the study. To ensure a comparable health profile
across the 3 groups, additional selection criteria were applied
to the applicants:

- Noongoing medical treatment or regular medication use.

« Age between 25 and 65 years.

«  Smoking fewer than 20 cigarettes per day.

«  Consuming alcohol fewer than 4 times per week and less
than 100 grams per drink.

This selection process resulted in the enrollment of 140
participants (meditation: n=23, running: n=57, and control:
n=60) at the start of data collection.

Data Collection

We collected 3 types of data from 3 participant groups:
physiological datafrom smartwatches, self-reported stress data
assessed via ESM, and questionnaire data. For participantsin
the meditation group, we additionally recorded the start and end
times of each meditation session.

We collected physiological and ESM data using our UTracker
app, which leverages the Garmin Health SDK to capture BBIs
and step counts from Garmin smartwatches, transmitting data
to aserver. Participants used this app to log datafor any 3 weeks
between October 12, 2022, and December 21, 2022. The app
invoked ESM natificationsrandomly 3 timeswithin their avake
time, prompting participants to report their daily activity states
(eating, work, housework, leisure, travel, rest, or other) and
subjective stress on 4 levels (no, low, middle, or high stress).
Responses submitted within 15 minutes were considered valid.
M editation group participants also recorded meditation session
timings via an in-app feature. After the 3-week period,
participants completed web-based questionnaires, which were
administered via LimeSurvey (LimeSurvey GmbH).

Of the recruited participants, 90 individuals (meditation: 19,
running: 32, and control: 39) provided valid smartwatch and
ESM dataand completed the questionnaires. We therefore used
the data from these 90 participants in the subsequent data
analysis. The recruitment process, device usage, and
demographic characteristics, including group-wise distributions
of sex, age, and BMI, are summarized in the supplementary
visualization (Multimedia Appendix 1).

Questionnaire M easures

Physical activity was assessed using the International Physical
Activity Questionnaire (IPAQ) short form (7 items) [39]. In
accordance with the IPAQ scoring protocol, responses were
converted to total metabolic equivalent task minutes per week,
with higher values indicating greater physical activity. Sleep
quality was assessed using the Pittsburgh Sleep Quality Index
(PSQI; 19 items) [40Q], yielding a global score ranging from 0
to 21, where higher scores indicate poorer sleep quality.
Dispositional mindfulness was assessed using the Mindful
Attention Awareness Scale (MAAS) [41]. The MAAS consists
of 15 items rated on a 6-point Likert scale ranging from 1
(almost always) to 6 (almost never). To align with the study’s
analysis strategy, scores were calculated as the total sum of the
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15 items (possible range: 15-90), with higher scoresindicating
higher levels of dispositional mindfulness. Perceived stresswas
assessed using the 10-item Perceived Stress Scale (PSS) [42],
with total scores ranging from O to 40, where higher scores
indicate greater perceived stress. Well-being was assessed using
the World Health Organization Well-Being Index (WHO-5; 5
items) [43], with total scoresranging from 0to 25, where higher
scores indicate greater well-being. All questionnaires were
administered in Japanese using validated Japanese versions
where available [39-43].

Calculation of HRV Indexes

From smartwatch data, we derived time-domain indices of HRV
as objective markers of stress levels. These HRV indices were
used to compare HRV among the 3 groups and to evaluate the
association of HRV with ESM-derived stress levels and
meditation (hereafter, referred to as the comparative HRV
analysis, the ESM-HRV analysis, and the meditation-HRV
analysis, respectively).

To calculate the HRV indices, we used the BBI time series
provided via the Garmin Health SDK, which is derived from
wrist PPG. The “Enhanced BBI” includes a per-beat binary
confidence indicator; beats can be flagged as low confidence
mainly due to motion artifacts or poor signal quality, and no
beat is provided during periods of very high motion [44]. To
ensure datareliability, we applied additional rule-based quality
filters. We segmented heart rate (HR) interval data into
nonoverlapping 5-minute windows starting at 00:00, and
retained only those with a beat count between 150 and 1000
and a standard deviation of normal-to-normal interval (SDNN)
between 10 milliseconds and 200 milliseconds. We aso
excluded windows for which the UTracker app returned no
step-count values (missing activity flag), as these could not be
classified into physical activity states.

Because continuous monitoring occasionally exceeded the
prespecified observation period, data length was harmonized
by selecting, for each participant, a contiguous 21-day window
(3 weeks) that maximized the number of available 5-minute
windows. In the comparative HRV analysis, the nonoverlapping
5-minute windows starting at 00:00 were used. For ESM-HRV
and meditation-HRV analyses, we prepared different 5-minute
windows contained by the 21-day measurement period: the
ESM-HRV analysis used 5-minute windows centered on ESM
reporting times, while the meditation-HRV anaysis used
5-minute windows aligned with the reported start or end times
of meditation sessions.

Across al participants, a total of 409,608 5-minute windows
containing “ Enhanced BBI” datawere obtained viathe Garmin
Health SDK (mean 4551, SD 1927 per participant). Among
these, 5242 windows (mean 58, SD 47 per participant) were
excluded according to the 3 predefined exclusion criteria: beat
count, SDNN, and assignment of a physical activity state. The
remaining 322,220 windows (mean 3580, SD 1148 per
participant) that fell within the selected 21-day measurement
periods were used for the subsequent analyses (Multimedia
Appendix 2).
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Throughout all the 3 analyses, we primarily focused on the
root-mean-sguare of successive differences (RMSSD), which
is known to strongly correlate with high-frequency (HF) HRV
and to be sensitive to changes in parasympathetic activity [14].
RMSSD was computed within each 5-minute window by
calculating successive differences between adjacent intervals,
sguaring these differences, averaging the sguare values, and
taking the square root of the mean.

For the comparative HRV analysis, we evaluated the distribution
of mean RMSSD across the 3 groups. Mean RMSSD was
calculated by averaging RM SSD valuesfrom all valid windows
during the measurement period for each participant. To ensure
the robustness of our findings, additional short-term HRV
metrics, including SDNN, percentage of adjacent NN intervals
greater than 50 milliseconds, and mean of normal-to-normal
intervals (meanNN), were similarly assessed. Long-term HRV
was also evaluated using the SDNN, calculated by averaging
BBIs within 5-minute windows over a 24-hour period and
determining the SD of these means. SDNN provided a stable
measure of long-term autonomic activity, complementing
short-term metrics by mitigating the influence of transient
fluctuations and artifacts [45].

To further investigate HRV differences while accounting for
variations in physical activity levels across the groups, we
stratified RMSSD by physical activity states. Using
smartwatch-derived step counts and self-reported bedtime and
wake-up time collected via the UTracker app, we categorized
5-minute windows into 4 states: run (=400 steps), walk (50-399
steps), rest (10-49 steps or <10 steps outside sleep), and sleep
(<10 steps during sleep). Windows lacking step information
could not be assigned aphysical activity state and were therefore
excluded during the data-cleaning process. From windows
assigned to each state, we cal cul ated the mean RM SSD for each
participant and compared the distributions among the 3 groups.

In addition to the HRV indices, we calculated HR for each
physical activity state (Sleep, rest, walk, and run) from the
meanNN (in milliseconds) by converting it to beats per minute
(HR=60,000/meanNN). For each participant, state-specific HR
values were summarized as the median across al eligible
5-minute windows within each state over the 21-day
measurement period. Resting HR was operationalized as the
median HR during the rest state.

In the meditation-HRV analysis, we examined aterations in
autonomic nervous system activity using frequency-domain
metrics. Low-frequency (LF; 0.04-0.15 Hz) and HF (0.15-0.40
HZz) power were cal culated using Wel ch periodogram after cubic
spline resampling at 4 Hz for each 5-minute window. However,
frequency-domain metrics derived from wrist PPG are subject
to greater measurement uncertainty than those obtained from
ECG [46,47]. Therefore, these metrics are reported as
supplementary descriptiveindicesrather than primary outcomes.

Statistical Analysis

Normality was first assessed using the Shapiro-Wilk test.
Because several variablesdeviated from normality and included
outliers despite preprocessing, nonparametric tests were used
to compare questionnaire scores and HRV indices among the
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3 groups. To ensure comparability across outcomes, the same
nonparametric approach was applied to al outcomes.
Shapiro-Wilk P values, as well as the numbers of missing
observations and | QR-based outliers, are provided in Multimedia
Appendix 3. For group comparisons, Kruskal-Wallistests were
used for overall differences, followed by pairwise Wilcoxon
rank-sum tests with multiple-comparison adjustment using the
Shaffer procedure [48]. Effect sizes were calculated as
epsilon-square (¢%) for Kruskal-Wallis tests, and rank-biserial
correlation (r) together with the common-language effect size
for pairwise Wilcoxon tests. As a sengitivity anaysis, we
additionally conducted parametric tests (Welch ANOVA
followed by Games-Howell post hoc tests), which yielded results
consistent with those from the nonparametric anayses.

To account for the effect of age on HRV, we also conducted an
analysis of covariance (ANCOVA) with age included as a
covariate (age entered as a continuous variable; group as the
main factor). Effect sizes were quantified as partial eta-square

(n?), and a group-by-age interaction term was examined to
assess the assumption of homogeneous regression slopes. In
addition, given the unequa group sizes and the potential
presence of heteroskedasticity, we performed a sensitivity
analysisusing ANCOVA with HC3 heteroskedasticity-consistent
SEs.

For analyses of ESM-reported stress levels, stress ratings were
dichotomized (no-low vs middle-high). Furthermore, 2-sided
binomial tests were conducted at the pooled and group-specific
levels for each activity state to examine whether the observed
proportion of middle-high stress differed from the expected
proportion, using the corresponding pooled or group-specific
proportion as the binomial parameter. Separately, group-level
comparisons of the meditation and running groups against the
control group were performed using binomial tests with the
control group proportion as the reference parameter. P values
from all binomial tests were adjusted for multiple comparisons
using the Holm procedure. Effect sizes were quantified using
Cohen h.

TheP valuesand effect sizesfor all statistical testsare provided
in Multimedia Appendices 3-11. All statistical analyses were
performed using Python (version 3.12) with the SciPy and
statsmodels libraries.

Hierarchical Bayesian Analysis

In the ESM-HRV analysis, we examined differences in HRV
across the 2 stress states, no-low and middle-high stress, by
using ahierarchical Bayesian model. The model was specifically
designed to isolate HRV variations associated with stress states
while accounting for interindividual differences in baseline
HRV (MultimediaAppendix 12). Inthemodel, m, i, and j index
stress states, participants, and observations, respectively. As
the observed variable, the model has m, i, and e, which
represent the stress state, participant, and RMSSD value in the
j-th observation. The model assumesthat e is sampled from a
normal distribution with amean of 3 defined as the sum of the
mean RMSSD for the observed state (o) and the residual
associated with the observed participant (r ). By focusing on a

as a parameter corresponding to the mean RMSSD for state m,

https://www.jmir.org/2026/1/€78244
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we estimated the posterior distributionsof o and the differences
ina by running Markov Chain Monte Carlo (MCMC).

Additionally, we extended the analysis to examine HRV
differences between the 2 stress states within each of the 3
participant groups. For this purpose, the model was adapted
such that m indexes 6 states, defined by the combination of the
2 stresslevelsand the 3 groups. Inthe meditation-HRV analysis,
we examined HRV changes across the following meditation
phases: the 10-minute before meditation phase, the during
meditation phase, and the after meditation phaseswith 10-minute
intervals up to 60 minutes post meditation. Similarly, the model
was adjusted to allow mto represent the respective meditation
phases.

In the meditation-HRV analysis, we further investigated
time-seriesHRV profiles across meditation sessions of varying
durations. For this purpose, we extended the model to assume
temporal dependencies among parameters corresponding to
mean RMSSD (Multimedia Appendix 13). Inthe model, t, k, i,
and j index time points, meditation duration, participants, and
observations, respectively. Asthe observed variable, the model
hast, k, i, and e, which represent the time points, meditation
duration, participant, and RMSSD valuein thej-th observation.
The parameter corresponding to the mean RM SSD for thetime
point t and the meditation length k, a , issampled from anormal
distribution with a mean of the parameter of the previous time
point, a ; , though the parameter of the initial time point,
o; , dependson ahyper-parameter a. Taking the start or end
of meditation as time 0, RMSSD was computed using start or
end time-aligned windows spanning from —20 to +55 minutes.
After grouping meditation sessions by duration in 10-minute
intervals, MCM C sampling was conducted to estimate posterior
mediansand 95% credibleintervalsof a , generating time-series
HRV profiles for each duration group.

In all the analyses, MCMC sampling was performed on RStan
(version 2.32.6; Stan Development Team), with parameter
settings including 4 chains, 1000 burn-in iterations, and 2000
total iterations. MCMC convergence was confirmed using the
Gelman-Rubin diagnostic.

Ethical Consider ations

This study was approved by the Ethics Review Board of the
Institute of Medical Science, The University of Tokyo (approval
2022-11-0629) and the Human Subject Research Ethics Review
Committee of Tokyo Institute of Technology (approval
2022154). Participants provided informed consent by submitting
their application after reading the study explanation on the
recruitment website. Participation was voluntary, with
withdrawal permitted at any time without justification.

Ascompensation, participantswho were provided with Garmin
smartwatches retained the devices after the data collection
period. Participants who used their own compatible devices
received a Garmin electronic coupon.

JMed Internet Res 2026 | vol. 28 | €78244 | p. 6
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH

Results

Questionnaire Data Analysis

We first compare subjective stress levels and related factors
across the 3 groups, based on scores from the 5 questionnaires
(Figure 2; refer to Multimedia Appendices 4 and 5 for
nonparametric analyses). The IPAQ results confirmed that the
running group demonstrated significantly higher physical
activity than the control group (median 2625, IQR 1885-3871
and median 990, IQR 424-2075, respectively; Kruskal-Wallis
test P<.001; Wilcoxon test with Shaffer correction P<.001),
with the meditation group scoring between the two (median
1548, IQR 1089-3150). Inthe MAAS questionnaire, the running
group had significantly higher mindfulness scores than the
control group (median 70.5, IQR 64-81 and median 60, IQR
55-68, respectively; Kruskal-Wallis P=.006; Wilcoxon P=.007).
The meditation group also showed higher scores, although the
difference did not reach the significance cutoff (median 68, IQR
61-76; Wilcoxon P=.10).
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The PSS results indicate that both the meditation and running
groups experienced significantly lower subjective stress
compared to the control group (meditation: median 21, IQR
17-24; running: median 22, IQR 19-25; and control: median 25,
IQR 21-30; Kruskal-Wallis P=.02; Wilcoxon P=.05 and .04,
respectively). In the WHO-5 questionnaire, a significant
difference existed among the 3 groups (mediation: median 18,
running: median 16, and control: median 14; Kruska-Wallis
P=.04), and both the meditation and running groups showed
higher well-being scores than the control group with marginal
significance (Wilcoxon P=.07 and .08, respectively). We
observed no significant patterns in the PSQI questionnaire
(mediation: median 3, IQR 3-5; running: median 4, IQR 3-6;
control: median 5, IQR 3-6; Kruskal-Wallis P=.18).

These findings suggest that both meditation and physical
exercise contributed to the reduction of stress, together with
enhanced mindfulness and well-being.

Figure2. Comparative analysis of the 5 questionnaire scores. The horizonta line within each violin plot denotes the median, while the vertical line or
shaded region represents the IQR, encompassing values from the 25th to 75th percentiles. Points represent scores from each participant in the control,
meditation, and runner groups. (A) High International Physical Activity Questionnaire scores indicate high physical activity levels, (B) high Mindful
Attention Awareness Scale scores indicate high mindfulness levels, (C) low Perceived Stress Scale scores indicate low perceived stress levels, (D) high
World Health Organi zation Well-Being I ndex scoresindicate high psychological well-being levels, and (E) low PSQI scoresindicate better sleep quality.
Significant differences were assessed using Kruskal-Wallis tests followed by Wilcoxon test. IPAQ: International Physical Activity Questionnaire; K-W:
Kruskal-Wallis; MAAS: Mindful Attention Awareness Scale; n.s.: not significant (P>.05); PSQI: Pittsburgh Sleep Quality Index; PSS: Perceived Stress
Scale; WHO-5: World Health Organization Well-being Index. * P<.05, **P<.01, ***P<.001 in the Wilcoxon test.
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HRV Data Analysis

We next compared smartwatch-derived HRV among the 3
groups (Figure 3; refer to Multimedia Appendices 4 and 6 for
nonparametric analyses, and Multimedia Appendices 9-11 for
parametric analyses). Comparison of median RMSSD showed
that the running group exhibited significantly higher RMSSD
than the control group (Figure 3A; running: median 47.0, IQR
44.0-54.2, control: median 42.0, IQR 34.2-47.8, respectively;
Kruskal-Wallis P<.001; Wilcoxon P<.001), In contrast, the
meditation group exhibited RMSSD levels comparable with
those of the control group (mediation: median 40.8, IQR
35.5-44.4, and control: median 42.0, IQR 34.2-47.8). We aso
found a consistent pattern for other short-term HRV metrics,
and SDNN, an HRV metric calculated over 24-hour periods
(Figure 3B).

Since HRV is affected by the intensity of physical activity, it
is possible that these results merely reflect the fact that the
running group engaged in different physical activity intensities.
To correct for such effects, we categorized 5-minute windows
into 4 activity states—dleep, rest, walk, and run—using
smartwatch step counts and self-reported sleep data. We
calculated mean RMSSD for each activity state and compared
group-level distributions (Figure 3C). The running group
consistently displayed higher RMSSD during the rest state
(running: median 49.1, IQR 43.7-54.5, control: median 42.0,
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IQR 34.1-47.2, meditation: median 41.2, IQR 36.8-43.9;
Kruskal-Wallis P<.001; Wilcoxon P<.001) and the walk state
(running: median 43.5, IQR 39.7-47.4, control: median 36.5,
IQR 31.1-40.6, meditation: median 34.4, IQR 32.4-38.5;
Kruskal-Wallis P<.001; Wilcoxon P<.001), compared with the
other groups.

It is well-established that HRV is associated with age [49]. To
account for potential age-related effects when examining group
differences in HRV, we conducted an ANCOVA with age
included as a covariate (Multimedia Appendix 7). The results
of the ANCOVA indicated that the observed group differences
in HRV remained statistically significant after adjusting for age,
confirming the robustness of our findings to age correction.
Because RMSSD is known to be associated with HR [50], we
also additionally compared HR acrossthe 3 groups within each
activity state (Multimedia Appendix 14). HR showed group
differences that were consistent with those observed for
RM SSD; notably, asignificantly lower resting HR was observed
exclusively in the running group. These findings indicate that
group differencesin RM SSD are accompanied by corresponding
differencesin HR, consistent with known HR-HRV coupling.

Taken together, our results suggest that physical exercise is
associated with higher HRV, while meditation practice has no
apparent effects on overall HRV patternsin daily life.

Figure 3. Comparative analysis of the heart rate variability indexes. For each participant, the median values of various heart rate variability indices
were cal culated from smartwatch-derived beat-to-beat intervals, and their distributions were compared across 3 groups—control, meditation, and runner.
The indices include (A) 5-min root-mean-square of successive differences, (B) 24-hour standard deviation of normal-to-normal interval, and (C)
root-mean-square of successive differences stratified by 4 physical activity states (sleep, rest, walk, and run), categorized using smartwatch-derived
step counts and self-reported sleep times. Figure presentation and statistical testswere conducted in the same manner asin Figure 2. Significant differences
were assessed using Kruskal-Wallis tests followed by Wilcoxon test. K-W: Kruskal-Wallis; n.s.: not significant (P>.05). * P<.05, **P<.01, ***P<.001
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ESM Data Analysis

In this study, we also collected daily activity states and stress
levels by ESM to anayze their associations (Figure 4A;
Multimedia Appendices 8 and 15). ESM samplings were
randomly administered 3 times per day, generating 4557
responses (51.78 per participant on average). Among all the
responses, 10.3% (471/4557) reported middle-high stress. Using
the overal proportion of middle-high stress responses as a
baseline, stress levels were higher during housework (54/386,
14%; adjusted P=.05, based on a binomial test) and work
(280/1352N, 20.7%; P<.001), and lower during leisure (20/864,
2.3%; P<.001), rest (21/734, 2.9%; P<.001), and eating (16/472,
3.4%; P<.001). This pattern was consistent across groups,
although the proportion of middle-high stress responses was
lower in the running group (121/1680, 7.2%; P<.001) and
meditation group (76/882, 8.6%; P<.001) compared with the
control group (274/1995, 13.7%), in line with the questionnaire
findings. We aso examined the relationship between
self-reported stress levels and RMSSD recorded at reporting
times (Figure 4B).

https://www.jmir.org/2026/1/€78244
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To account for interparticipant variations in baseline HRV, we
used a hierarchical Bayesian approach to estimate posterior
distributions of the average RMSSD for the 2 different stress
states—no-low stress and middle-high stress (Multimedia
Appendix 12). The analysis revealed that RMSSD was lower
during middle-high stress states compared with no-low stress
states, confirming the ecological validity of HRV as a stress
indicator. We additionally sampled the posterior distribution of
the difference between the 2 parameters, whose posterior median
estimated the RMSSD difference as —2.242 (95% credible
interval —3.967 to —0.260) milliseconds (Multimedia A ppendix
16). Thistrend was observed across all groups, with the running
group showing a more pronounced decrease of —3.939 (95%
credible interval —7.041 to —0.737) milliseconds, likely due to
higher baseline RMSSD values.

Collectively, our ESM analysis demonstrated that subjective
stress levels are associated with both daily activity states and
HRV.
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Figure 4. Associations between stress levels, daily activities, and heart rate variability. (A) Stresslevel distribution by activity type. The proportion of
self-reported stresslevelsacross 7 daily activity states, derived from 4557 experience sampling method responses. The vertical axis denotesthe proportions
of 4-staged stress levels, while the horizontal axis represents activity types. Horizontal black lines across the bars indicate the overall middle-high stress
proportion. (B) root-mean-square of successive differences (RMSSD) density plots by stress levels. Posterior density plots of averaged RMSSD under
no-low stress and middle-high stress conditions. RM SSD was cal culated using 5-minute windows centered on reporting times. A hierarchical Bayesian
model (Multimedia Appendix 12) was used to account for variability in response frequency and baseline heart rate variability across participants.
Posterior densities of o were estimated using Markov Chain Monte Carlo, with shaded regions denoting 95% credible intervals and vertical dotted

linesindicating posterior medians. C: control; M: meditation; R: running.
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From the meditation group, we collected information about start
and end times of 632 daily meditation sessions (33 per
participant on average) using the smartphone app. We
investigated HRV changes during meditation by integrating the
meditation timing information with the heartbeat data obtained
from smartwatches (Multimedia Appendix 17).

From each participant in the meditation group, RMSSD was
computed for the 10-minute period before meditation, the period
throughout meditation, and the periods in 10-minute intervals
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up to 60 minutes after meditation. Similarly to the ESM data
analysis, we used hierarchical Bayesian models (Multimedia
Appendix 12; also refer to Multimedia Appendix 13 for the
time-series extension) to account for interparticipant variations
in baseline HRV and calculate posterior distributions of
parameters corresponding to averaged RM SSD values for each
period (Figure 5A). As a result, RMSSD showed an increase
during meditation, with the posterior median estimated at 4.675
(95% credibleinterval 2.962-6.380; Multimedia Appendix 18).
Remarkably, RMSSD required more than 30 minutesto return
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to baseline levels after meditation, suggesting a prolonged
residual effect.

We also examined RM SSD profiles across meditation sessions
of varying durations. Meditation sessions were stratified into
10-minute intervals based on their duration, and time-series
RMSSD trajectories were computed using a hierarchical
Bayesian approach (Figure 5B). The analysis reveded a
progressive increase in RMSSD that persisted throughout the
meditation period. Upon stopping meditation, RMSSD gradually
decreased toward baseline levels, underscoring the persistence
of residua effects.

Takezawaet al

both their absolute distributions and their baseline-adjusted
shifts (Multimedia Appendix 19). During meditation, both HF
and LF power showed slight increases, with the elevations most
pronounced in the early postmeditation period (after 0-10 min).
Thereafter, HF gradually approached baseline levels, whereas
LF returned to baseline after 10-20 min and subsequently
decreased below baseline. These patterns al so suggest transient
aterations in autonomic nervous system activity following
meditation.

In summary, our analysisrevealed that during daily meditation
practice, practitioners experience an increase in HRV, which

To further characterize the physiological changes during may persist for afew tens of minutes after meditation.

meditation, we analyzed frequency-domain indices, evaluating

Figure5. Variation of heart rate variability level sduring daily meditation practices. (A) Posterior density plotsillustrating the average root-mean-square
of successive differences (RMSSD) across different phases of meditation practice. RMSSD data were categorized as follows: the 10-minute before
meditation phase, the during meditation phase, and the after meditation phases with 10-minute intervals up to 60 minutes post meditation. RMSSD was
computed using start time-aligned 5-minute windows for the before and during phases, while end time-aligned windows were used for the after phases.
The datawere analyzed and visualized asin Figure 4B. (B) Start-aligned time-series RMSSD profiles across meditation practices of varying durations.
Assuming the start of meditation astime 0, RMSSD was cal culated using start time-aligned windows spanning from —20 to +55 minutes. Profiles were
grouped by meditation duration in 10-minute intervals, and Markov Chain Monte Carlo—based hierarchical Bayesian analysis (Multimedia Appendix
13) was used to estimate posterior medians and 95% credible intervals of o , represented by solid and dotted lines, respectively. Horizontal time scales
were aligned with the centers of the RMSSD windows. The shaded regions between the dotted lines denote the during meditation phase, while the
lightly shaded areasindicate that the results are based on data partially originating from outside the during meditation phase. (C) End-aligned time-series
RMSSD profiles assuming the end of meditation as time 0 and based on end time-aligned windows, visualized in the same manner as in panel (B).
RMSSD: root-mean-square of successive differences.
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Discussion

Principal Findings

In this mHealth-based observationa study, we integrated 3
weeks of continuous smartwatch-derived HRV monitoring with
smartphone-based experience sampling to examine stresss HRV
dynamicsin meditation practitioners, recreational runners, and
controls. Questionnaire and ESM data consistently indicated
lower perceived stressin both the meditation and running groups
relative to controls. However, daily-life HRV patterns differed;
recreational runners showed higher HRV than controls, whereas
meditation practitioners exhibited daily-life HRV levels
comparablewith controls. Acrossall groups, higher momentary
stress was associated with concurrent reductions in HRV.
Finaly, within the meditation group, HRV increased during
meditation sessions and remained elevated for tens of minutes
after practice, suggesting a residual physiological effect
detectable in naturalistic settings.

Interpretation in the Context of Previous Studies

Our questionnaire-based assessments indicated that perceived
stress levels were lower in both the meditation and running
groups compared with the control group, consistent with
previous studies reporting stress-reducing effects of both
meditation practice [2,3] and regular physical activity [34,35].
However, reduced subjective stress did not necessarily
correspond to higher smartwatch-derived HRV in daily life. In
fact, daily-life HRV levelswere comparable between meditation
practitioners and controls, suggesting that perceived stress and
average daily HRV are not simply or linearly related.

Although multiple intervention studies have examined the
impact of meditation practice on HRV, their findings have been
mixed; some report increases in daily-life HRV among
meditation groups relative to controls, while others observe no
significant differences [28,31,32]. In our observational study
involving experienced meditation practitioners, we found no
evidence of a general increase in HRV throughout daily life.
Thisinterpretation is consistent with recent repeated-measures
evidence showing that meditation primarily modulates HRV at
the statelevel during meditation, particularly among experienced
practitioners, even in the absence of elevated baseline HRV
[33].

In contrast, and consistent with previous reports [36,37], the
running group exhibited higher HRV as well as lower resting
HR. This HRV elevation may reflect long-term cardiovascular
and autonomic adaptations associated with endurance training,
often referred to as an athlete’s heart [51], including increased
stroke volume, resting bradycardia, and enhanced vagal tone.
Such physiological adaptations are likely to exert a stronger
and more persistent influence on daily-life autonomic regulation
than psychological training alone, potentially explaining the
long-term HRV elevation observed in the running group.

To further explore the relationship between stress and HRV in
daily life, we used a smartphone-based ESM integrated with
smartwatch-derived HR monitoring. ESM also captured daily
activities, allowing us to examine the links between stress and
activity states. Across all groups, elevated stress levels were

https://www.jmir.org/2026/1/€78244
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associated with reduced real-time HRV, in line with a previous
study [26], aswell aswith specific stress-rel ated activities such
aswork.

Consistent with the questionnaires, ESM confirmed that both
meditation and running groups experienced lower stress levels
indaily life compared with controls. While recreational runners
showed more pronounced stress-related reductions in HRV,
likely due to elevated baseline levels, meditation practitioners
and controls exhibited comparatively smaller shifts.

Previous work has demonstrated that meditation training can
attenuate HRV decreases during standardized cognitive stress
tasks [52], suggesting that meditation may modulate stress
appraisal rather than baseline autonomic function per se.
Together, these findings raise the possibility that meditation
practitioners experience identical daily-life stressors as less
physiologically taxing, resulting in attenuated HRV responses.
The absence of clear group differencesin overall daily-life HRV
does not necessarily contradict thisinterpretation. In naturalistic
settings, stressors of sufficient intensity to elicit marked
autonomic responses may occur relatively infrequently, and
averaging across heterogeneous daily contexts may obscure
group-level differencesthat emerge primarily under acute stress
conditions.

For the meditation group, we also examined changes in HRV
during daily meditation practice by integrating HRV data with
meditation timing information collected via a smartphone app.
We observed a significant increase in HRV during meditation.
Thisfinding isbroadly consistent with laboratory-based studies
reporting acute HRV increases during meditation [28,29,32,33],
and extends the previous work by demonstrating such changes
in naturalistic, daily-life settings.

Notably, our analysis also demonstrated that the HRV increase
persisted for a few tens of minutes afterward, suggesting a
substantial residual effect. To our knowledge, such a residual
HRV elevation after meditation has not been previously
documented. By capturing meditation practicesin anaturalistic,
daily-life context, this study provides unique insights into the
physiological dynamicsof meditation. Meditation practitioners
ability to increase HRV at an arbitrary timing, along with the
prolonged residual effect, may correlate with stress reduction;
however, this hypothesis warrants further investigation with
adequate controls.

In the meditation-HRV analysis, changes were observed not
only in the time-domain but a so in the frequency-domain HRV
indices. The concurrent increasesin HF and L F observed during
meditation and immediately after meditation are consistent with
laboratory studies reporting enhanced parasympathetic activity
and elevated overall HRV during meditative states [53]. HF
gradually returned toward baseline after meditation, suggesting
recovery from this parasympathetic-dominant state, while the
delayed decrease in LF below baseline may reflect a transient
reorganization of autonomic regulation after meditation ended.
However, these interpretations should be made with caution.
Frequency-domain indices derived from wrist-worn PPG may
be less precise than those obtained from ECG [54,55], and the
physiological interpretation of frequency-domain indices as
markers of autonomic activity remains debated [14,56].
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Therefore, although these observations may also support the
residual effect of meditation, we refrain from drawing strong
conclusions regarding the underlying mechanisms.

In addition, the observed HRV increase may be partly
attributable to respiration-related heart rate variability
(RespHRV) induced by changes in breathing pace [57,58].
Under typical conditions, RespHRV is primarily reflected in
the HF band; however, slow and regular breathing, which
commonly occurs during meditation, can shift respiratory
oscillations toward lower frequencies and thereby contribute to
increases in LF power. Because respiratory data were not
collected in this study, we were unable to directly assess the
contribution of RespHRV to the observed HRV changes. Recent
studies have demonstrated that emerging wearabletechnol ogies,
such as chest-mounted or textile-based respiratory sensors,
enable direct and continuous measurement of breathing patterns
indaily-life settings[59]. Incorporating such respiratory sensing
technologies in future studies will help disentangle
respiration-driven HRV modulation from other autonomic
mechanisms and further clarify the physiological basis of
meditation-related HRV changes.

From a methodological perspective, this study highlights the
utility of Bayesian analysis for wearable PPG-derived HRV
data While most HRV studies have relied on ECG-based
devices, this study used a Garmin smartwatch with PPG sensors,
enabling the collection of 3 weeks of continuous data. Although
the reliability of wearable PPG-derived HRV metrics has been
debated due to susceptibility to noise [16-19], the combination
of extensive data collection and robust statistical approaches
allowed us to extract meaningful physiological insights. In
particular, the hierarchical Bayesian approach used in our
ESM-HRV and meditation-HRV analyses was well-suited to
this setting, as it explicitly accounts for the nested and
repeated-measures structure of the data. By partialy pooling
information acrossindividuals, the model reducestheinfluence
of noisy or uncertain observations at the individual level while
preserving between-participant heterogeneity in baseline HRV.
This framework enables more stable estimation of
covariate-associated effects under realistic measurement
uncertainty, which is especidly relevant for wearable
PPG-derived signals collected in daily life. Aligned with a
recently published work [60], our achievement highlights the
potential of Bayesian approaches to enhance the utility of
wearable PPG-based devicesin HRV research.

Limitations

Despite these promising results, our study remains preliminary,
with severd limitationsrequiring attention. First, unequal sample
sizes across the 3 groups may have introduced imbalances in
statistical power and estimation precision, which should be
considered when interpreting between-group comparisons.
Moreover, our recruitment procedures may have introduced
potential biases in the composition of participant groups. A
substantial proportion of the running group used their own
Garmin smartwatches for data collection, while the control and
meditation groups primarily used study-provided devices
(Multimedia Appendix 1). This discrepancy arose from
recruiting runners via Garmin users mailing list. This could
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influence the results due to differences in device models and
the users' familiarity with the devices, although we confirmed
that recreational runners wearing different device models
showed no significant difference in HRV levels (data not
shown).

The meditation group also harbored potential recruitment biases.
Participantsin the meditation group were recruited through calls
on social media and direct outreach to potential candidates. In
the recruitment process, we noticed that more experienced
meditation practitioners were often reluctant to wear a
smartwatch on adaily basis, which may have biased our sample
toward individuas with less meditation experience.
Additionally, the meditation group included participants
practicing different meditation styles, which may have
introduced heterogeneity. In the questionnaire analysis, the
mindfulness scores showed no significant difference, which
may reflect not only the small sample size but aso these
concerns related to participant recruitment.

It is also important to consider that the 3 groups may have
differed in covariates that could have influenced our analyses
(Multimedia Appendix 1). Although age-adjusted sensitivity
analyses using ANCOVA yielded results consistent with the
primary nonparametric analyses, future studies should recruit
larger and more balanced samples and incorporate more
comprehensive covariate adjustment to strengthen the robustness
and interpretability of the findings.

Finally, because respiration was not directly measured, we
cannot fully disentangle stress-rel ated autonomic changesfrom
respiration-driven  HRV modulation, particularly during
meditation sessions. Moreover, the frequency-domain metrics
reported in this study (HF and LF) are derived from PPG and
are subject to greater estimation error than ECG-based measures,
particularly under free-living conditions. Therefore, the
interpretation of these indices should ideally be supported by
validation against ECG-derived HRV measurements together
with concurrent respiratory monitoring.

Conclusions

In this study, we used an mHealth framework integrating
smartwatch-based physiological monitoring with
smartphone-based experience sampling to examine how
meditation practice is associated with subjective stress, HRV,
and their interaction in real-world settings. We showed that
meditation practitioners reported lower perceived stress but did
not exhibit higher daily-life HRV than controls. Rea-time
associations between stress, activity states, and HRV were al'so
comparable between the meditation and control groups. HRV
analysis integrated with meditation timing logs showed that
daily meditation practice was accompanied by transient increases
in HRV, consistent with laboratory-based studies. Notably, we
extend previouswork by demonstrating that the HRV elevation
persists for several tens of minutes after meditation practice.

Building on these findings, this study illustrates that
mHealth-based approaches can capture dynamic relationships
among subjective stress, daily activities, and autonomic
physiology outside laboratory environments. Continuous
wearable sensing yielded dense physiological time series, and
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theintegration of these datawith in situ self-reports enabled the
examination of stressHRV associations at fine temporal
resolution. Such multimodal data alowed us to characterize
both baseline daily-life patterns and short-term physiological
changes associated with meditation practice under naturalistic

Takezawaet al

immediate after-effects of daily practice. The findings of this
study suggest that mobile systems combining wearable sensors
and self-reports may enable individual-level assessment of
stress-HRV coupling and short-term recovery signalsfollowing
meditation. Future studiesincorporating additional physiological

conditions. signals, such asrespiration, and intervention-based designs will
be necessary to further elucidate underlying mechanisms and
to assess the practical utility of these integrated mHealth

approaches for stress management.

From a digital health perspective, quantifying acute and
short-lived physiological changes surrounding meditation
sessions provides a basis for evaluating the timing and
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Multimedia Appendix 1

Characteristics of the recruited participants. (A) Recruitment flow chart of participants assigned to three groups: meditation (M),
running (R), and control (C). (B) Sankey diagram illustrating the relationships between Garmin usage, group classification, and
sex distribution. GU represents Garmin users, who participated in the study with their own smartwatches, while NGU represents
non-Garmin users, who participated using provided smartwatches. Thewidth of the flows correspondsto the number of participants
transitioning between categories, with numbers in parentheses indicating the total participantsin each category. (C) Age and (D)
Body Mass Index (BMI) distribution across the three groups and differences in Garmin usage. In the violin plots (as presented
in Figure 2), white dots represent femal e participants, while black dots represent male participants. BM| was cal culated as weight
(kg) divided by the square of height (m?).

[PNG File, 243 KB-Multimedia Appendix 1]

Multimedia Appendix 2
[PNG File, 115 KB-Multimedia Appendix 2]
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Multimedia Appendix 3

Normality assessment and data quality summary for questionnaire scores and HRV/HR variables. Shapiro-Wilk test P values
are reported for the full sample and for each group (C, M, and R). The number of missing observations and the number of
| QR-based outliers are also shown.

[PNG File, 150 KB-Multimedia Appendix 3]

Multimedia Appendix 4
Kruskal-Wallis tests comparing questionnaire scores and HRV/HR variables among the three groups (C: n=39; M: n=19; R:
n=32). The table reports the Kruskal-Wallis test statistic (H), two-sided P values, and effect sizes quantified as epsilon squared

(€9).
[PNG File, 120 KB-Multimedia Appendix 4]

Multimedia Appendix 5

Pairwise group comparisons for questionnaire scores and overall HRV indices using Wilcoxon rank-sum tests. The table reports
the U statistic, two-sided P values, Shaffer-corrected P values for multiple comparisons, and effect sizes (rank-biserial correlation,
r; and common-language effect size). Group sizes were C=39, M=19, and R=32.

[PNG File, 266 KB-Multimedia Appendix 5]

Multimedia Appendix 6

Pairwise group comparisons for activity-state RMSSD and heart rate (sleep, rest, walk, and run) using Wilcoxon rank-sum tests.
The table reports the U dtatistic, two-sided P values, Shaffer-corrected P values for multiple comparisons, and effect sizes
(rank-biserial correlation, r; and common-language effect size).

[PNG File, 231 KB-Multimedia Appendix 6]

Multimedia Appendix 7

Age-adjusted group comparisons using analysis of covariance (ANCOVA). For each outcome, the table reports the F statistic for
the group effect, two-sided P values, and effect sizes quantified as partial eta squared (n?). As a sensitivity analysis, P values
based on HC3 heteroskedasticity-consistent standard errors are also provided. The P value for the Group x Age interaction term
is reported to assess the homogeneity of regression slopes assumption.

[PNG File, 133 KB-Multimedia Appendix 7]

Multimedia Appendix 8

Binomial tests on the proportions of mid-high stress. ESM stress ratings were dichotomized (no-low vs mid-high). For each
activity, the proportion of mid-high stressis shown for all participants (All) and for the control (C), meditation (M), and running
(R) groups, together with the number of events (k), total observations (n), and estimated proportions (p™). Two-sided binomial
tests assessed differences from the corresponding overall group proportion (Total), with P values adjusted using the Holm
procedure and effect sizes reported as Cohen's h. Rows labeled All_ref, C_ref, M_ref, or R_ref indicate reference proportions
and therefore have no P values or effect sizes. The bottom two rows (M vs C and R vs C) compare the meditation and running
groups with the control group across all activities, using C_ref as the reference.

[PNG File, 249 KB-Multimedia Appendix 8]

Multimedia Appendix 9

Welch's ANOVA comparing questionnaire scores and HRV/HR variables among the three groups (C: n=39; M: n=19; R: n=32)
as aparametric sensitivity analysis. The table reports the Welch's F statistic with between-groups degrees of freedom fixed at 2,
adjusted within-groups degrees of freedom (Adjusted df), two-sided P values, and effect sizes quantified as partia eta squared

(np).
[PNG File, 14 KB-Multimedia Appendix 9]

Multimedia Appendix 10

Games-Howell post hoc tests comparing questionnaire scores and overall heart rate variability (HRV) indices among the three
groups (C: control; M: meditation; R: running). The table reports the t statistic, adjusted degrees of freedom (Adjusted df),
two-sided P values, and effect sizes quantified as Hedges g.

[PNG File, 22 KB-Multimedia Appendix 10]
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Multimedia Appendix 11

Games-Howell post hoc tests comparing activity-specific heart rate variability (HRV) and heart rate (HR) indices among the
three groups (C: control; M: meditation; R: running). The table reportsthe t statistic, adjusted degrees of freedom (Adjusted df),
two-sided P values, and effect sizes quantified as Hedges' g.

[PNG File, 19 KB-Multimedia Appendix 11]

Multimedia Appendix 12

Probabilistic graphical representation of the model used for the comparison of RM SSD between stresslevel s or meditation phases.
Circles and rectangles represent random variables and fixed constants, respectively. Shaded sguaresindicate observed datawhile
a shaded circle indicates a variable of interest. Solid and dashed arrows represent probabilistic and deterministic dependencies,
respectively. For definition of variables, see Methods.

[PNG File, 96 KB-Multimedia Appendix 12]

Multimedia Appendix 13

Probabilistic graphical representation of the model used for the time-series analysis of RMSSD along meditation practices.
Presented asin Multimedia Appendix 12.
[PNG File, 120 KB-Multimedia Appendix 13]

Multimedia Appendix 14

Comparative analysis of additional HRV indices and activity-state heart rate. Violin plots illustrate group comparisons of (A)
SDNN, (B) meanNN, (C) pNN50, and (D) HR stratified by four physical activity states (sleep, rest, walk, and run; derived from
meanNN). Figure presentation and statistical tests were conducted in the same manner asin Figure 2.

[PNG File, 352 KB-Multimedia Appendix 14]

Multimedia Appendix 15

Overviews of the ESM data. (A) A bar chart showing the counts of ESM responses across participants. Bar height reflects the
total number of responsesfor each participant. Groups are presented from left to right as control (C), meditation (M), and running
(R), with participants within each group ordered by the number of responsesin descending order. (B) A stacked bar chart showing
the proportions of seven daily activity states for each of the three groups. Bar widths are scaled according to the total number of
ESM responses from participants in each group.

[PNG File, 95 KB-Multimedia Appendix 15]

Multimedia Appendix 16

Posterior density plots of differencesin averaged RM SSD at mid-high stress conditions with reference to no-low stress conditions.
Inthe MCM C sampling process used to generate Figure 4B, posterior distributions were simultaneously estimated for differences
in parameters corresponding to averaged RMSSD (a ) between the different stress levels. The posterior densities are presented
asin Figure 4B. The vertical highlighted dotted line indicates no difference, and negative values on the horizontal axis indicate
areduction in RMSSD under mid-high stress compared to no-low stress.

[PNG File, 107 KB-Multimedia Appendix 16]

Multimedia Appendix 17

Overviewsof the meditation records. (A) A stacked bar chart showing the number of meditation practicesrecorded by participants
in the meditation groups. Each bar is composed of stacked segments, with each segment representing a single meditation practice
from an individua participant. The height of each bar reflects the total count of meditation practices, with participants arranged
in descending order along the horizontal axis based on their total count. Within each bar, stacked segments are also ordered in
descending duration, with darker shades representing longer meditation practices. (B) A bar chart showing the distribution of
meditation practice durations. Practices recorded by all the meditation group members are categorized into 10-minute intervals
based on their duration, with the height of each bar representing the total number of practices whose durations fall within each
interval. Bar colors correspond to the coding scheme shown in (A).

[PNG File, 98 KB-Multimedia Appendix 17]

Multimedia Appendix 18

Posterior density plots of differences in averaged RMSSD at each meditation phase with reference to the "before" meditation
phase. In the same manner as in Multimedia Appendix 16, posterior density plots of parameters a were generated from the
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MCMC sampling process used to generate Figure 5A. A positive value on the horizontal axis indicates an increase in RMSSD
under each meditation phase compared to the before meditation phase.
[PNG File, 119 KB-Multimedia Appendix 18]

Multimedia Appendix 19

Frequency-domain HRV indices during and after meditation. (A) and (B) Posterior distributions of log-scaled HF and LF are
shown in the same manner as Figure 5A. (C) and (D) Baseline-adjusted shifts (differences from the pre-meditation baseline) of
log-scaled HF and LF are shown in the same manner as Multimedia Appendix 18.

[PNG File, 339 KB-Multimedia Appendix 19]

References

1.  Kabat-Zinn J. Mindfulness-based interventions in context: past, present, and future. Clin Psychol Sci Pract.
2003;10(2):144-156. [doi: 10.1093/clipsy.bpg016]

2. Brown KW, Ryan RM. The benefits of being present: mindfulness and its role in psychological well-being. J Pers Soc
Psychol. 2003;84(4):822-848. [doi: 10.1037/0022-3514.84.4.822] [Medline: 12703651]

3. Grossman P, Niemann L, Schmidt S, Walach H. Mindfulness-based stress reduction and health benefits. a meta-analysis.
J Psychosom Res. 2004;57(1):35-43. [doi: 10.1016/S0022-3999(03)00573-7] [Medline: 15256293]

4. ChiesaA, Serretti A. Mindfulness-based stress reduction for stress management in healthy people: areview and meta-analysis.
JAltern Complement Med. 2009;15(5):593-600. [doi: 10.1089/acm.2008.0495] [Medline: 19432513]

5. Khoury B, SharmaM, Rush SE, Fournier C. Mindfulness-based stress reduction for healthy individuals: a meta-analysis.
J Psychosom Res. 2015;78(6):519-528. [doi: 10.1016/j.jpsychores.2015.03.009] [Medline; 25818837]

6. VibeM, Bjgrnda A, Fattah S, Dyrdal GM, Halland E, Tanner - Smith EE. Mindfulness - based stress reduction (MBSR)
for improving health, quality of life and socia functioning in adults: a systematic review and meta - analysis. Campbell
Systematic Reviews. 2017;13(1):1-264. [doi: 10.4073/csr.2017.11]

7. Lazarus RS, Folkman S. Stress, Appraisal, and Coping. New York, NY. Springer Publishing Company; 1984.

8.  Cohen S, Kamarck T, Mermelstein R. A global measure of perceived stress. JHealth Soc Behav. 1983;24(4):385-396. [doi:
10.2307/2136404]

9. Cskszentmihalyi M, Larson R. Validity and reliability of the experience-sampling method. J Nerv Ment Dis.
1987;175(9):526-536. [Medline: 3655778]

10. Shiffman S, Stone AA, Hufford MR. Ecological momentary assessment. Annu Rev Clin Psychol. 2008;4:1-32. [doi:
10.1146/annurev.clinpsy.3.022806.091415] [Medline: 18509902]

11. Ba S, Elavsky S, Kishida M, Dvorédkova K, Greenberg MT. Effects of mindfulness training on daily stress response in
college students: ecological momentary assessment of arandomized controlled trial. Mindfulness. 2020;11(6):1433-1445.
[FREE Full text] [doi: 10.1007/s12671-020-01358-x] [Medline: 33343764]

12. MatkoK, Sedimeier P, Bringmann HC. Differential effects of ethical education, physical hathayoga, and mantra meditation
on well-being and stressin healthy participants-an experimental single-case study. Front Psychol. 2021;12:672301. [FREE
Full text] [doi: 10.3389/fpsyq.2021.672301] [Medline: 34421729]

13.  Sommerhoff A, Ehring T, Takano K. Effects of induced mindfulness at night on repetitive negative thinking: ecological
momentary assessment study. IMIR Ment Health. 2023;10:e44365. [FREE Full text] [doi: 10.2196/44365] [Medline:
37467038]

14. Shaffer F, Ginsberg JP. An overview of heart rate variability metrics and norms. Front Public Health. 2017;5:258. [FREE
Full text] [doi: 10.3389/fpubh.2017.00258] [Medline: 29034226

15. KimHG, CheonEJ, Bai DS, Lee YH, Koo BH. Stressand heart rate variability: ameta-analysisand review of theliterature.
Psychiatry Investig. 2018;15(3):235-245. [FREE Full text] [doi: 10.30773/pi.2017.08.17] [Medline: 29486547]

16. Pinheiro N, Couceiro R, Henriques J, Muehlsteff J, Quintal |, GoncalvesL, et a. et al. Can PPG be used for HRV analysis?
38th Annu Int Conf |EEE Eng Med Biol Soc. 2016;2016:2945-2949. [doi: 10.1109/EMBC.2016.7591347] [Medline:
28268930]

17. LiK, Cardoso C, Moctezuma-Ramirez A, Elgalad A, Perin E. Heart rate variability measurement through asmart wearable
device: another breakthrough for personal health monitoring? Int J Environ Res Public Health. 2023;20(24):7146. [FREE
Full text] [doi: 10.3390/ijerph20247146] [Medline; 38131698]

18. Dewig HG, Cohen JN, Renaghan EJ, Leary ME, Leary BK, Au JS, et d. et a. Are wearable photoplethysmogram-based
heart rate variability measures equivalent to electrocardiogram? a simulation study. Sports Med. 2024;54(11):2927-2934.
[doi: 10.1007/s40279-024-02066-5] [Medline: 38935328]

19. Rehman RZU, Chatterjee M, Manyakov NV, Daans M, Jackson A, O'Brisky A, et al. et al. Assessment of physiological
signal's from photopl ethysmography sensors compared to an electrocardiogram sensor: avalidation study in daily life.
Sensors (Basel). 2024;24(21):6826. [FREE Full text] [doi: 10.3390/s24216826] [Medline: 39517723]

https://www.jmir.org/2026/1/e78244 JMed Internet Res 2026 | vol. 28 | €78244 | p. 17
(page number not for citation purposes)


https://jmir.org/api/download?alt_name=jmir_v28i1e78244_app18.png&filename=4dd497eaa52e3c4762385689d34d4617.png
https://jmir.org/api/download?alt_name=jmir_v28i1e78244_app18.png&filename=4dd497eaa52e3c4762385689d34d4617.png
https://jmir.org/api/download?alt_name=jmir_v28i1e78244_app19.png&filename=ac13029116f86a28d9acb7d06c0d2269.png
https://jmir.org/api/download?alt_name=jmir_v28i1e78244_app19.png&filename=ac13029116f86a28d9acb7d06c0d2269.png
http://dx.doi.org/10.1093/clipsy.bpg016
http://dx.doi.org/10.1037/0022-3514.84.4.822
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=12703651&dopt=Abstract
http://dx.doi.org/10.1016/S0022-3999(03)00573-7
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=15256293&dopt=Abstract
http://dx.doi.org/10.1089/acm.2008.0495
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19432513&dopt=Abstract
http://dx.doi.org/10.1016/j.jpsychores.2015.03.009
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25818837&dopt=Abstract
http://dx.doi.org/10.4073/csr.2017.11
http://dx.doi.org/10.2307/2136404
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=3655778&dopt=Abstract
http://dx.doi.org/10.1146/annurev.clinpsy.3.022806.091415
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=18509902&dopt=Abstract
https://europepmc.org/abstract/MED/33343764
http://dx.doi.org/10.1007/s12671-020-01358-x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33343764&dopt=Abstract
https://europepmc.org/abstract/MED/34421729
https://europepmc.org/abstract/MED/34421729
http://dx.doi.org/10.3389/fpsyg.2021.672301
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=34421729&dopt=Abstract
https://mental.jmir.org/2023//e44365/
http://dx.doi.org/10.2196/44365
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37467038&dopt=Abstract
https://europepmc.org/abstract/MED/29034226
https://europepmc.org/abstract/MED/29034226
http://dx.doi.org/10.3389/fpubh.2017.00258
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29034226&dopt=Abstract
https://europepmc.org/abstract/MED/29486547
http://dx.doi.org/10.30773/pi.2017.08.17
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29486547&dopt=Abstract
http://dx.doi.org/10.1109/EMBC.2016.7591347
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=28268930&dopt=Abstract
https://www.mdpi.com/resolver?pii=ijerph20247146
https://www.mdpi.com/resolver?pii=ijerph20247146
http://dx.doi.org/10.3390/ijerph20247146
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38131698&dopt=Abstract
http://dx.doi.org/10.1007/s40279-024-02066-5
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=38935328&dopt=Abstract
https://www.mdpi.com/resolver?pii=s24216826
http://dx.doi.org/10.3390/s24216826
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=39517723&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Takezawa et &

20.

21.

22.

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

35.

36.

37.

38.

39.

40.

Nataragjan A, Pantelopoulos A, Emir-Farinas H, Natarajan P. Heart rate variability with photoplethysmography in 8 million
individuals: a cross-sectional study. Lancet Digit Health. 2020;2(12):e650-e657. [FREE Full text] [doi:
10.1016/S2589-7500(20)30246-6] [Medline: 33328029]

Tsai YY,ChenYJ, LinYF, Hsiao FC, Hsu CH, Liao LD. Photoplethysmography-based HRV analysis and machine learning
for real-time stress quantification in mental health applications. APL Bioeng. 2025;9(2):026103. [FREE Full text] [doi:
10.1063/5.0256590] [Medline: 40191605]

Kageyama T, Nishikido N, Kobayashi T, Kurokawa Y, Kaneko T, Kabuto M. Self-reported sleep quality, job stress, and
daytime autonomic activities assessed in terms of short-term heart rate variability among male white-collar workers. Ind
Health. 1998;36(3):263-272. [FREE Full text] [doi: 10.2486/indhealth.36.263] [Medline: 9701906]

Sin NL, Sloan RP, McKinley PS, Almeida DM. Linking daily stress processes and |aboratory-based heart rate variability
in anational sample of midlife and older adults. Psychosom Med. 2016;78(5):573-582. [FREE Full text] [doi:
10.1097/PSY.0000000000000306] [Medline: 26867082]

Hynynen E, Konttinen N, Kinnunen U, Kyrélainen H, Rusko H. Theincidence of stress symptoms and heart rate variability
during sleep and orthostatic test. Eur J Appl Physiol. 2011;111(5):733-741. [doi: 10.1007/500421-010-1698-X] [Medline:
20972879]

Rieger A, Stoll R, Kreuzfeld S, Behrens K, Weippert M. Heart rate and heart rate variability asindirect markers of surgeons
intraoperative stress. Int Arch Occup Environ Health. 2014;87(2):165-174. [doi: 10.1007/s00420-013-0847-z] [Medline:
23370764]

Martinez GJ, Grover T, Mattingly SM, Mark G, D'Mello S, Aledavood T, et al. et al. Alignment between heart rate variability
fromfitnesstrackers and perceived stress: perspectivesfrom alarge-scalein situ longitudinal study of information workers.
JMIR Hum Factors. 2022;9(3):€33754. [FREE Full text] [doi: 10.2196/33754] [Medline: 35925662]

Fletcher R, Zeng K, Yang MY, Pietrzak A, Eddie D. Development of a heart rate variability based ambulatory stress
detection model for clinical populations. Appl Psychophysiol Biofeedback. 2026;51(1):19-28. [doi:
10.1007/s10484-025-09714-0] [Medline: 40411737]

Krygier JR, Heathers JAJ, Shahrestani S, Abbott M, Gross JJ, Kemp AH. Mindfulness meditation, well-being, and heart
rate variability: a preliminary investigation into the impact of intensive Vipassana meditation. Int J Psychophysiol.
2013;89(3):305-313. [doi: 10.1016/}.ijpsycho.2013.06.017] [Medline: 23797150]

Tang Y, MaY, FanY, Feng H, Wang J, Feng S, et a. et a. Central and autonomic nervous system interaction is altered

by short-term meditation. Proc Natl Acad Sci USA. 2009;106(22):8865-8870. [FREE Full text] [doi:
10.1073/pnas.0904031106] [Medline: 19451642]

Grossman P, Deuring G, Walach H, Schwarzer B, Schmidt S. Mindfulness-Based intervention does not influence cardiac
autonomic control or the pattern of physical activity in fibromyalgia during daily life: an ambulatory, multimeasure
randomized controlled trial. Clin JPain. 2017;33(5):385-394. [doi: 10.1097/A JP.0000000000000420] [Medline: 27518489]
Brown L, Rando AA, Eichel K, Van Dam NT, Celano CM, Huffman JC, et al. et al. The effects of mindfulness and meditation
on vagally mediated heart rate variability: a meta-analysis. Psychosom Med. 2021;83(6):631-640. [FREE Full text] [doi:
10.1097/PSY.0000000000000900] [Medline: 33395216]

Barbry A, Gal E, Carton A, Orianne P, De Raedt R. Effect of brief mindfulness meditation interventions on heart rate
variability in adults: a systematic review. Appl Psychophysiol Biofeedback. 2026;51(1):3-18. [doi:
10.1007/s10484-025-09724-y] [Medline: 40715924]

Wei Y, XuY, Chen W, Zheng J, Chen H, Chen S. Can heart rate variability demonstrate the effects and the levels of
mindful ness? a repeated-measures study on experienced and novice mindfulness practitioners. BMC Complement Med
Ther. 2025;25(1):231. [FREE Full text] [doi: 10.1186/s12906-025-04972-1] [Medline: 40611081]

Mikkelsen K, Stojanovska L, Polenakovic M, Bosevski M, Apostolopoulos V. Exercise and mental health. Maturitas.
2017;106:48-56. [doi: 10.1016/j.maturitas.2017.09.003] [Medline: 29150166]

Herbert C, Meixner F, Wiebking C, Gilg V. Regular physical activity, short-term exercise, mental health, and well-being
among university students: the Results of an online and alaboratory study. Front Psychol. 2020;11:509. [FREE Full text]
[doi: 10.3389/fpsyq.2020.00509] [Medline: 32528333]

Kiss O, Sydd N, Vargha P, Vagé H, Czimbalmos C, EdesE, et al. et al. Detailed heart rate variability analysis in athletes.
Clin Auton Res. 2016;26(4):245-252. [doi: 10.1007/s10286-016-0360-z] [Medline: 27271053]

PlewsDJ, Laursen PB, Stanley J, Kilding AE, Buchheit M. Training adaptation and heart rate variability in elite endurance
athletes: opening the door to effective monitoring. Sports Med. 2013;43(9):773-781. [doi: 10.1007/s40279-013-0071-8]
[Medline: 23852425]

OshitaD. Introduction to the Clinical Meditation Method: ItsMerits And aPractical Guidefor Therapistsand Care Providers.
Sagamihara. Being-Net Press; 2025.

Guidelines for data processing and analysis of the International Physical Activity Questionnaire - short and long forms.
International Physical Activity Questionnaire (IPAQ) Research Committee. 2005. URL: https://drive.google.com/file/d/
1gehdg1-04eSWfbxscwtzX alM UID8Mffalview [accessed 2026-04-16]

Doi Y, Minowa M, Okawa M, Uchiyama M. Development of the japanese version of the pittsburgh sleep quality index.
Jpn J Psychiat Treat. 2005;35(7):530-534. [doi: 10.1007/s00595-004-2977-0] [Medline: 15976948]

https://www.jmir.org/2026/1/e78244 JMed Internet Res 2026 | vol. 28 | €78244 | p. 18

(page number not for citation purposes)


https://linkinghub.elsevier.com/retrieve/pii/S2589-7500(20)30246-6
http://dx.doi.org/10.1016/S2589-7500(20)30246-6
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33328029&dopt=Abstract
https://pubs.aip.org/aip/apb/article-lookup/doi/10.1063/5.0256590
http://dx.doi.org/10.1063/5.0256590
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=40191605&dopt=Abstract
https://joi.jlc.jst.go.jp/JST.Journalarchive/indhealth1963/36.263?from=PubMed
http://dx.doi.org/10.2486/indhealth.36.263
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=9701906&dopt=Abstract
https://europepmc.org/abstract/MED/26867082
http://dx.doi.org/10.1097/PSY.0000000000000306
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26867082&dopt=Abstract
http://dx.doi.org/10.1007/s00421-010-1698-x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=20972879&dopt=Abstract
http://dx.doi.org/10.1007/s00420-013-0847-z
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23370764&dopt=Abstract
https://humanfactors.jmir.org/2022/3/e33754/
http://dx.doi.org/10.2196/33754
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=35925662&dopt=Abstract
http://dx.doi.org/10.1007/s10484-025-09714-0
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=40411737&dopt=Abstract
http://dx.doi.org/10.1016/j.ijpsycho.2013.06.017
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23797150&dopt=Abstract
https://europepmc.org/abstract/MED/19451642
http://dx.doi.org/10.1073/pnas.0904031106
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19451642&dopt=Abstract
http://dx.doi.org/10.1097/AJP.0000000000000420
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27518489&dopt=Abstract
https://europepmc.org/abstract/MED/33395216
http://dx.doi.org/10.1097/PSY.0000000000000900
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=33395216&dopt=Abstract
http://dx.doi.org/10.1007/s10484-025-09724-y
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=40715924&dopt=Abstract
https://bmccomplementmedtherapies.biomedcentral.com/articles/10.1186/s12906-025-04972-1
http://dx.doi.org/10.1186/s12906-025-04972-1
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=40611081&dopt=Abstract
http://dx.doi.org/10.1016/j.maturitas.2017.09.003
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29150166&dopt=Abstract
https://europepmc.org/abstract/MED/32528333
http://dx.doi.org/10.3389/fpsyg.2020.00509
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32528333&dopt=Abstract
http://dx.doi.org/10.1007/s10286-016-0360-z
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27271053&dopt=Abstract
http://dx.doi.org/10.1007/s40279-013-0071-8
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23852425&dopt=Abstract
https://drive.google.com/file/d/1gehdq1-04eSWfbxscwtzXa1MUlD8Mffa/view
https://drive.google.com/file/d/1gehdq1-04eSWfbxscwtzXa1MUlD8Mffa/view
http://dx.doi.org/10.1007/s00595-004-2977-0
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=15976948&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Takezawa et &

41.

42.

43.

45,

46.

47.

48.

49,

50.

51.

52.

53.

55.

56.

57.

58.

59.

60.

Fujino M, Kajimura S, Nomura M. Development and validation of the japanese version of the mindful attention awareness
scale using item response theory analysis. The Japanese Journal of Personality. 2015;24(1):61-76. [doi:
10.2132/personality.24.61]

Sumi K. Reliability and validity of the Japanese version of the perceived stress scale. Jon JHealth Psychol. 2006;19(2):44-53.
[doi: 10.11560/jahp.19.2_44]

World Health Organization. The World Health Organization-five well-being index (WHO-5). 2024. URL : https.//www.
who.int/publications/m/item/WHO-UCN-M SD-MHE-2024.01 [accessed 2025-05-17]

Garmin Health. Garmin enhanced beat-to-beat interval (BBI): technical white paper. Garmin Itd. 2020. URL : https.//www8.
garmin.com/garminheal th/news/Garmin-Enhanced-BBI_Final.pdf [accessed 2025-05-17]

Kleiger RE, Stein PK, Bigger JT. Heart rate variability: measurement and clinical utility. Ann Noninvasive Electrocardiol.
2005;10(1):88-101. [FREE Full text] [doi: 10.1111/].1542-474X.2005.10101.x] [Medline: 15649244]

Sarhaddi F, Kazemi K, Azimi |, Cao R, Niela-Vilén H, Axelin A, et al. et a. A comprehensive accuracy assessment of
Samsung smartwatch heart rate and heart rate variability. PLoS One. 2022;17(12):0268361. [FREE Full text] [doi:
10.1371/journal .pone.0268361] [Medline: 36480505]

Lam E, Aratia S, Wang J, Tung J. Measuring heart rate variability in free-living conditions using consumer-grade

photopl ethysmography: validation study. IMIR Biomed Eng. 2020;5(1):€17355. [doi: 10.2196/17355]

Shaffer JP. Modified sequentially rejective multiple test procedures. J Am Stat Assoc. 2012;81(395):826-831. [doi:
10.1080/01621459.1986.10478341]

Umetani K, Singer DH, McCraty R, Atkinson M. Twenty-four hour time domain heart rate variability and heart rate:
relations to age and gender over nine decades. JAm Coll Cardiol. 1998;31(3):593-601. [FREE Full text] [doi:
10.1016/s0735-1097(97)00554-8] [Medline: 9502641]

de Geus EJC, Gianaros PJ, Brindle RC, Jennings JR, Berntson GG. Should heart rate variability be "corrected” for heart
rate? biological, quantitative, and interpretive considerations. Psychophysiology. 2019;56(2):e13287. [FREE Full text]
[doi: 10.1111/psyp.13287] [Medline: 30357862]

Maron BJ, Pelliccia A. The heart of trained athletes: cardiac remodeling and the risks of sports, including sudden death.
Circulation. 2006;114(15):1633-1644. [doi: 10.1161/circul ationaha.106.613562]

Shearer A, Hunt M, Chowdhury M, Nicol L. Effects of abrief mindfulness meditation intervention on student stress and
heart rate variability. Int J Stress Manag. 2016;23(2):232-254. [doi: 10.1037/a0039814]

Nesvold A, Fagerland MW, Davanger S, Ellingsen @, Solberg EE, Holen A, et al. et a. Increased heart rate variability
during nondirective meditation. Eur J Prev Cardiol. 2012;19(4):773-780. [doi: 10.1177/1741826711414625] [Medline:
21693507]

Theurl F, Schreinlechner M, Sappler N, Toifl M, Dolejsi T, Hofer F, et a. et al. Smartwatch-derived heart rate variability:
a head-to-head comparison with the gold standard in cardiovascular disease. Eur Heart J Digit Health. 2023;4(3):155-164.
[FREE Full text] [doi: 10.1093/ehjdh/ztad022] [Medline: 37265873]

Mgia-MgjiaE, BudidhaK, Abay TY, May JM, Kyriacou PA. Heart rate variability (HRV) and pulse rate variability (PRV)
for the assessment of autonomic responses. Front Physiol. 2020;11:779. [FREE Full text] [doi: 10.3389/fphys.2020.00779]
[Medline: 32792970]

Billman GE. The LF/HF ratio does not accurately measure cardiac sympatho-vagal balance. Front Physiol. 2013;4:26.
[EREE Full text] [doi: 10.3389/fphys.2013.00026] [Medline: 23431279

Menuet C, Ben-Tal A, Linossier A, Allen AM, Machado BH, MoraesDJA, et d. et a. Redefining respiratory sinusarrhythmia
asrespiratory heart rate variability: an international expert recommendation for terminological clarity. Nat Rev Cardiol.
2025;22(12):978-984. [doi: 10.1038/s41569-025-01160-z] [Medline: 40328963]

Lehrer PM, Gevirtz R. Heart rate variability biofeedback: how and why does it work? Front Psychol. 2014;5:756. [FREE
Full text] [doi: 10.3389/fpsyq.2014.00756] [Medline: 25101026]

Hussain T, Ullah S, Fernandez-Garcia R, Gil |. Wearable sensors for respiration monitoring: areview. Sensors (Basel).
2023;23(17):7518. [FREE Full text] [doi: 10.3390/s23177518] [Medline: 37687977]

Corponi F, Li BM, Anmella G, Vaenzuela-Pascua C, Pacchiarotti |, Valenti M, et al. et al. A Bayesian analysis of heart
rate variability changes over acute episodes of bipolar disorder. Npj Ment Health Res. 2024;3(1):44. [EREE Full text] [doi:
10.1038/s44184-024-00090-x] [Medline: 39363115]

Abbreviations

ANCOVA: analysis of covariance
BBI: beat-to-besat interval

ECG: electrocardiography

ESM: experience sampling method
HF: high-frequency

HR: heart rate

HRV: heart rate variability

https://www.jmir.org/2026/1/e78244 JMed Internet Res 2026 | vol. 28 | €78244 | p. 19

(page number not for citation purposes)


http://dx.doi.org/10.2132/personality.24.61
http://dx.doi.org/10.11560/jahp.19.2_44
https://www.who.int/publications/m/item/WHO-UCN-MSD-MHE-2024.01
https://www.who.int/publications/m/item/WHO-UCN-MSD-MHE-2024.01
https://www8.garmin.com/garminhealth/news/Garmin-Enhanced-BBI_Final.pdf
https://www8.garmin.com/garminhealth/news/Garmin-Enhanced-BBI_Final.pdf
https://europepmc.org/abstract/MED/15649244
http://dx.doi.org/10.1111/j.1542-474X.2005.10101.x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=15649244&dopt=Abstract
https://dx.plos.org/10.1371/journal.pone.0268361
http://dx.doi.org/10.1371/journal.pone.0268361
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=36480505&dopt=Abstract
http://dx.doi.org/10.2196/17355
http://dx.doi.org/10.1080/01621459.1986.10478341
https://linkinghub.elsevier.com/retrieve/pii/S0735-1097(97)00554-8
http://dx.doi.org/10.1016/s0735-1097(97)00554-8
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=9502641&dopt=Abstract
https://europepmc.org/abstract/MED/30357862
http://dx.doi.org/10.1111/psyp.13287
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30357862&dopt=Abstract
http://dx.doi.org/10.1161/circulationaha.106.613562
http://dx.doi.org/10.1037/a0039814
http://dx.doi.org/10.1177/1741826711414625
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21693507&dopt=Abstract
https://europepmc.org/abstract/MED/37265873
http://dx.doi.org/10.1093/ehjdh/ztad022
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37265873&dopt=Abstract
https://europepmc.org/abstract/MED/32792970
http://dx.doi.org/10.3389/fphys.2020.00779
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32792970&dopt=Abstract
https://europepmc.org/abstract/MED/23431279
http://dx.doi.org/10.3389/fphys.2013.00026
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23431279&dopt=Abstract
http://dx.doi.org/10.1038/s41569-025-01160-z
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=40328963&dopt=Abstract
https://europepmc.org/abstract/MED/25101026
https://europepmc.org/abstract/MED/25101026
http://dx.doi.org/10.3389/fpsyg.2014.00756
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25101026&dopt=Abstract
https://www.mdpi.com/resolver?pii=s23177518
http://dx.doi.org/10.3390/s23177518
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=37687977&dopt=Abstract
https://doi.org/10.1038/s44184-024-00090-x
http://dx.doi.org/10.1038/s44184-024-00090-x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=39363115&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JOURNAL OF MEDICAL INTERNET RESEARCH Takezawa et &

IPAQ: International Physical Activity Questionnaire
LF: low-frequency

MAAS: Mindful Attention Awareness Scale

MCMC: Markov Chain Monte Carlo

meanNN: mean of normal-to-normal interval
mHealth: mobile health

PPG: photoplethysmography

PSQI: Pittsburgh Sleep Quality Index

PSS. Perceived Stress Scale

RespHRYV: respiration-related heart rate variability
RMSSD: root-mean-square of successive differences
SDNN: standard deviation of normal-to-normal interval
WHO-5: World Health Organization Well-being Index

Edited by A Stone; submitted 29.May.2025; peer-reviewed by R Gevirtz, K Pham; comments to author 09.Dec.2025; accepted
08.Apr.2026; published 29.May.2026

Please cite as:

Takezawa J, Geng S, Fujino M, Miyake M, Sasahara K, Yatani K, Niida A

Daily Stress and Heart Rate Variability Among Mindfulness Meditation Practitioners: mHealth Observational Sudy
J Med Internet Res 2026; 28:€78244

URL: https://mww.jmir.org/2026/1/€78244

doi: 10.2196/78244

PMID:

©Jo Tekezawa, Shixian Geng, Masahiro Fujino, Mika Miyake, Kazutoshi Sasahara, Koji Yatani, Atsushi Niida. Originally
published in the Journal of Medical Internet Research (https://www.jmir.org), 29.May.2026. This is an open-access article
distributed under the terms of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which
permits unrestricted use, distribution, and reproduction in any medium, provided the original work, first published in the Journal
of Medical Internet Research (ISSN 1438-8871), is properly cited. The complete bibliographic information, alink to the original
publication on https://www.jmir.org/, as well as this copyright and license information must be included.

https://www.jmir.org/2026/1/e78244 JMed Internet Res 2026 | vol. 28 | €78244 | p. 20
(page number not for citation purposes)

RenderX


https://www.jmir.org/2026/1/e78244
http://dx.doi.org/10.2196/78244
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

