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Abstract

Objectives  We aimed to quantify the effects of advanced meditation on brain electrical activity during sleep. This investiga-
tion addresses the need for objective neurophysiological measures of meditation’s potential impact on brain aging and health.
Method  This study was a single-site, prospective cohort study (conducted August 25, 2021, through September 26, 2021) 
of meditators attending the “Samyama Sadhana” retreat (September 1–5, 2021). Two healthy comparison groups and four 
comparison groups with varying degrees of age-related brain pathology are included. Using overnight electroencephalog-
raphy, physiological measures of brain age were derived and subtracted from chronological age, measuring the deviation of 
apparent brain age from chronological age.
Results  Thirty-four participants completed the study (average age = 38 years; 36% female). Estimated brain age index 
after adjustment by matching: meditators (n = 34), − 5.9 years (SE = 0.94 years, t-test p < 0.001); Dreem healthy controls 
(n = 1077), − 0.24 (0.61, p < 0.001); Massachusetts General Hospital (MGH) healthy controls (n = 112), 0.55 (0.92, p < 0.05); 
MGH “no dementia” (n = 7618), 2.4 (0.094, reference cohort for t-test); MGH “symptomatic” (n = 697), 2.0 (0.33, p > 0.05); 
MGH “mild cognitive impairment (MCI)”(n = 205), 8.8 (2.8, p < 0.05); and MGH “dementia” (n = 153), 10.5 (2.8, p < 0.01).
Conclusions  Long-term meditators exhibit lower brain age relative to matched control groups. This study suggests that 
advanced meditation enhances brain health.
Preregistration  This study was not preregistered.
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Abbreviations

BAI	� Brain age index
EEG	� Electroencephalography
MGH	� Massachusetts General Hospital
PSG	� Polysomnography
HC	� Healthy control
MCI	� Mild cognitive impairment

Worldwide cases of dementia and age-related cognitive 
decline are escalating due to increased life expectancy 
(World Health Organization [WHO], 2017; WHO, 2018), 
placing a greater burden on healthcare systems. Medita-
tion seems to foster significant improvements in brain 
health, enhancing cognitive function and overall mental 
well-being (Luders et  al., 2016). Magnetic resonance 
imaging (MRI) studies claim beneficial effects of medi-
tation on brain health, associated with structural changes 
in gray and white matter (Fox et al., 2014, 2016; Pernet 
et al., 2021). Mindfulness meditation may increase neu-
ral synchrony and coherence (Fox & Cahn, 2020; Van 
Lutterveld et al., 2017). Some researchers hypothesized 
these effects are related to improved sleep quality and 
efficiency (Martires & Zeidler, 2015; Ong et al., 2014). 
In a scholarly review of 3303 records, with 18 trials and 
1654 participants, researchers found moderate support 
that mindfulness meditation improves sleep quality (Gong 
et al., 2016).

Previous research on sleep following a 4-day medita-
tion retreat has demonstrated significant improvements 
in both sleep quality and duration up to 40 days post-
retreat (Kanchibhotla et al., 2021), corroborating existing 
literature on the positive impact of meditation on sleep 
(Baecker et al., 2021; Black et al., 2015; Nagendra et al., 
2012; Nanthakwang et al., 2020; Neuendorf et al., 2015; 
Rusch et al., 2019). Researchers have also hypothesized 
that advanced meditators have increased sleep efficiency, 
meaning they may have more restorative sleep (Nagendra 
et al., 2012). Overnight polysomnography (PSG) tests of 
Vipassana meditators demonstrate increased durations in 
the restorative stages of slow wave sleep and rapid eye 
movement (REM) sleep (Sulekha et al., 2006). Interest-
ingly, these beneficial effects on sleep quality have been 
reported as long as 5 and 12 months later, and meditation 
retreats are considered as effective as other evidence-based 
sleep treatments, according to a systematic review of stud-
ies (Kanchibhotla et al., 2021; Rusch et al., 2019). Other 
research suggests greater theta-alpha power during Stage 3 
and 4 sleep, and an increased REM density (Mason et al., 
1997). Compared to beginners, experienced Vipassana 
meditators exhibit changes in REM sleep organization, 
which may be due to greater brain plasticity associated 
with intense meditation (Maruthai et al., 2016).

Brain age (BA) estimates the biological age of the brain, 
calculated by comparing measurements of brain structure or 
function with age norms and selecting the age that matches 
best (Baecker et al., 2021). Brain age index (BAI) is the 
difference between BA and chronologic age (CA); that is, 
BAI = BA − CA. BAI has been calculated using structural 
measurements from MRI and functional measurements of 
overnight sleep electroencephalography (EEG) (Sun et al., 
2019). Sleep-EEG, though less commonly used, offers key 
advantages over MRI: it is cost-effective, can be easily con-
ducted at home, reflects real-time brain function and electro-
physiology, and allows for repeated measurements, making 
it a practical tool for studying brain aging.

The sleep-EEG-based brain age index from Sun et al. 
(2019) has been validated as a tool to measure subclini-
cal health conditions, accurately determining the 10-year 
risk within a 95% confidence interval for health outcomes 
including ischemic stroke, intracranial hemorrhage, mild 
cognitive impairment, dementia, atrial fibrillation, myocar-
dial infarction, type 2 diabetes, hypertension, bipolar disor-
der, depression, and mortality in a cohort of approximately 
15,000 individuals (Sun et al., 2024). This index has also 
been validated as a tool to measure aging, showing promise 
as a potential biomarker for progressive brain processes that 
ultimately lead towards dementia (Ye et al., 2020). Using the 
BAI described in Sun et al. (2019), researchers have reported 
increased sleep-EEG-based BAI as a predictor of increased 
mortality (Paixao et al., 2020) that is elevated in chronic dis-
eases affecting brain health including hypertension and dia-
betes (Sun et al., 2019), HIV infection (Leone et al., 2021), 
and neurodegenerative disease (Ye et al., 2020).

The BAI in Sun et al. (2019) has previously been reported 
for individuals in the Massachusetts General Hospital 
(MGH) clinical sleep lab with pre-existing diagnoses of 
dementia, mild cognitive impairment (MCI), or cognitive 
symptoms without an MCI or dementia diagnosis, as well 
as for individuals without dementia or cognitive symptoms 
(Ye et al., 2020), but has not been applied to meditating 
populations. This BAI has recently been calculated to assess 
whether a 12-week aerobic exercise program reduces brain 
aging (Ouyang et al., 2024), suggesting it can be applied 
to measure reductions in brain age. In contrast, long-term 
meditation has been associated with reduced brain aging in 
MRI studies. In 2016, researchers estimated that at age 50, 
the MRI-based BAIs of long-term meditators were 7.5 years 
younger than controls (Luders et al., 2016). While certain 
EEG changes have been identified in advanced meditators 
(Kaur & Singh, 2015; Rodriguez-Larios & Alaerts, 2021; 
Takahashi et al., 2005) and on sleep specifically (see above), 
the effects of meditation on the sleep-based brain age index 
have not been investigated. The sleep EEG–based BAI pro-
vides a unique and novel angle: it provides a holistic meas-
ure of brain aging, combining the age-dependent changes 
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in multiple sleep EEG microstructural features. Our paper 
aims to fill this gap in the scientific literature on meditation.

Since sleep can be affected by daytime activities, it is rea-
sonable to speculate that sleep-EEG is also different in medi-
tators. The brain age measured in this study is a function of 
the sleep-EEG, which is also likely different in meditators. 
However, the exact changes in sleep EEG and brain age and 
their implications are yet to be explored.

Our research aimed to measure sleep BA in a cohort of 
advanced meditators attending the Samyama Sadhana medi-
tation retreat compared to control populations and popula-
tions with varying degrees of brain-aging-related pathology 
that have previously been reported in Ye et al. (2020). Samy-
ama Sadhana is a 4-day advanced residential meditation 
program that requires completion of a series of beginner to 
advanced yoga and meditation programs and regular daily 
practice, usually through a course of a few years, as well as a 
40-day intensive preparation period (3–4 hr of daily practice) 
and specific vegan diet, leading to the retreat. This program 
is a refresher course for those who have previously attended 
an 8-day meditation program called Samyama, an advanced 
form of yogic meditation practice. Previous studies on those 
who have completed the 8-day Samyama program, which is 
a prerequisite for Samyama Sadhana, have shown increased 
acylglycines (associated with increased cellular anandamide 
levels, anti-inflammation, analgesia, and vascular relaxation) 
(Vishnubhotla et al., 2022), increased beneficial gut bacteria 
(Raman et al., 2023), reduced HbA1C and systemic inflam-
mation, improved lipid profile, and enhanced mental health 
outcomes (Sadhasivam et al., 2021) and upregulation of 220 
genes associated with the immune response (Chandran et al., 
2021). Samyama participants have increased resting-state 
functional connectivity between the salience and default 
mode networks of the brain, assessed by functional MRI and 
correlated with improved self-reported mindfulness scores 
(Vishnubhotla et al., 2021).

While the literature commonly describes advanced medi-
tators as those with 5000 to 6000 hr of meditation experi-
ence, we chose the Samyama Sadhana program as it requires 
extensive previous training, intense preparation, and an 
interview selection process for the prerequisite 8-day Samy-
ama program. These specific requirements make this cohort 
of advanced meditators uniquely uniform in terms of their 
practice types and experience. This, along with the existing 
literature on measurable physiological, neural, and psycho-
logical benefits of these practices, suggests that Samyama 
Sadhana is a suitable intervention for this study. Neverthe-
less, we would like to emphasize two points. First, we do not 
mean to suggest that Samyama Sadhana meditation is the 
only suitable choice for a study of the effects of meditation 
on BAI. Second, while the advent of the Samyama Sadhana 
meditation retreat provided a unique opportunity to study 
BAI in a large group of advanced meditators, the years of 

meditation practice leading up to the retreat, rather than the 
4-day retreat itself, is the key intervention investigated in 
this work.

Sleep EEG–based BAI was calculated according to exist-
ing methodologies in the literature (Sun et al., 2019) with 
BAI representing the deviation from normal aging patterns 
in the sleep EEG. We hypothesized sleep BAI would be 
lower in the meditation group compared to control popula-
tions, which would correlate with higher scores on cogni-
tion tests. We included additional populations with vary-
ing degrees of age-related cognitive decline since the BAI 
used in Sun et al. (2019) has been previously reported in 
these populations (Ye et al., 2020), serving as a validation to 
ensure the coherence and reliability of our results.

Method

Participants

This single-site prospective cohort study aimed to track 
sleep quality and brain health in a sample (n = 35) of 
advanced meditators within 1 week prior and 3 weeks fol-
lowing a silent meditation retreat. Participants scheduled to 
attend the “Samyama Sadhana” retreat from September 1 to 
5, 2021, were contacted by researchers. Inclusion criteria 
were (1) 18 years or older; (2) current US resident; (3) pre-
vious experience attending the 8-day “Samyama” retreat; 
and (4) attending the “Samyama Sadhana” retreat. Selection 
for participation in the Samyama retreat requires confirma-
tion during an interview of previous completion and strict 
dedication to the daily practice of numerous meditation tech-
niques. Specifically, preparation for the Samyama retreat is 
an extensive process involving 3–4 hr of daily practice and 
maintenance of a vegan diet for at least 60 days prior to the 
retreat.

Similar to the Samyama retreat, the inclusion for the 
refresher course, the 4-day “Samyama Sadhana” medita-
tion program, involves previous completion and daily prac-
tice of two breath-based seated yogic meditations called 
Kriyas (21-min Shambavi Mahamudra Kriya, and 40-min 
Shakti Chalana Kriya), two Hatha yoga practices involving 
yogic postures along with the breath (60 min, Yogasanas 
and Sun Salutations), conscious non-doing meditation 
(15 min twice a day, Shoonya Meditation), and alternate 
nostril breathing (30–60 min, Sukha Kriya). In preparation 
for the retreat, these practices and vegan diet are main-
tained for a minimum of 40 days leading to the Samyama 
Sadhana retreat. Participants in this study reported the 
number of days per week that they completed certain med-
itation practices for 40 days prior to the “Samyama Sad-
hana” retreat (Table 1). Participants reported no existing 
insomnia and were not currently taking antidepressants, 



1678	 Mindfulness (2025) 16:1675–1692

benzodiazepines, neuroleptics, or opiates. One participant 
self-reported mild sleep apnea without the use of continu-
ous positive airway pressure (CPAP)/bilevel positive air-
way pressure (BiPAP) machines as treatment. Participants 
provided verbal consent to participate in this research 
study as approved by all required research institutions. 
One subject withdrew from the study following the medi-
tation retreat and was formally excluded from the study, 
and three subjects did not complete the survey on base-
line meditation practices and demographic information, 
although demographics were collected during cognition 
testing for all participants.

Procedure

Meditation

The 4-day Samyama Sadhana retreat consists of 10–12 hr 
of yoga and meditation practices each day. The main prac-
tice that is cultivated during this program is the Samyama 
meditation. In classical yoga, the combined practice of 
Dharana, Dhyana, and Samadhi is referred to as a pro-
cess called Samyama. Dharana is the process of focused 
attention for an extended period of time. Dhyana involves 
intense contemplation and Samadhi involves an experi-
ence of unification (Sadhasivam et al., 2021). Participants 
attending the retreat learned no new practices during the 
retreat and continued only the same set of practices that 
they reported in Table 1 after completion of the program.

Sleep‑EEG Recording

We measured the sleep-EEG of meditators using the 
Dreem headband (Figure S1 in the Supplementary Infor-
mation), worn for up to four consecutive nights within 
1 week before and within 3 weeks after the retreat. The 
time window for data collection before and after the 
retreat was selected to allow for differing travel and work 
schedules of participants. Specifically, participants were 
allowed to stay at the ashram for additional nights if they 
wished, which impacted when data collection could occur. 
We limited the window as much as possible given these 
constraints.

Cognition and Emotion Testing

Thirty-five participants completed the pre-retreat assess-
ment and thirty-four participants completed the post-
meditation assessment. Cognitive performance and emo-
tional domains were assessed up to 1 week before and 
up to 3 weeks after the meditation retreat. Tests were 
selected from the National Institutes of Health (NIH) Tool-
box Cognition and Emotion Batteries (Fox et al., 2022; 
Gershon et al., 2013) because the National Institute on 
Aging considers these batteries to be well-validated and 
psychometrically sound (Hodes et al., 2013). We selected 
components of both crystallized and fluid cognition that 
could be administered electronically using an iPad during 
a Zoom meeting. Cognitive tests took 40 to 55 min, while 
emotion batteries took approximately 10 min. Participants 
completed assessments in one sitting and were instructed 
to schedule testing around the same time of day before and 
after the retreat to reduce within-subject variability.

Table 1   Days per week of meditation by practice

Abbreviations: SM Kriya, Shambhavi Mahamudra Kriya; SC Kriya, 
Shakti Chalana Kriya
a Data reported as number (%) for categorical variables
b Percentages were rounded up and therefore may not add to 100%
c Data reported for all participants (n = 32) who completed the base-
line survey
d Both SM and SC Kriya are breath-based yogic practices completed 
in a seated posture

Meditation patternsa No. (%)b

Medita-
tion cohort 
(n = 32)c

SM Kriyad

  ≤ 1 day/week 5 (15.6)

  2–3 days/week 7 (21.9)

  4–5 days/week 6 (18.8)

  ≥ 6 days/week 14 (43.8)

SC Kriyad

  2–3 days/week 5 (15.6)

  4–5 days/week 7 (21.9)

  ≥ 6 days/week 20 (62.5)

Shoonya

  ≤ 1 day/week 1 (3.1)

  2–3 days/week 10 (31.2)

  4–5 days/week 5 (15.6)

  ≥ 6 days/week 16 (50.0)

Samyama

  ≤ 1 day/week 17 (53.1)

  2–3 days/week 8 (25.0)

  4–5 days/week 3 (9.4)

  ≥ 6 days/week 4 (12.5)

Samyama Sadhana

  ≤ 1 day/week 18 (56.3)

  2–3 days/week 8 (25.0)

  4–5 days/week 5 (15.6)

  ≥ 6 days/week 1 (3.1)
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Comparison Cohorts

We assembled six comparison groups (Fig. 1). Five com-
parison groups were composed of patients who underwent 
conventional overnight polysomnography (PSG) in a clinical 
sleep laboratory at Massachusetts General Hospital (MGH) 
equipped with the Natus PSG system, including individuals 
with pre-existing diagnoses of dementia (MGH “demen-
tia”), mild cognitive impairment (MCI)(MGH “MCI”), and 
cognitive symptoms without an MCI or dementia diagnosis 
(MGH “symptomatic”), as well as for individuals without 
dementia or other cognitive symptoms (MGH “no demen-
tia”) (Ye et al., 2020). Specifically, the MGH “no dementia” 
group can still have disease diagnoses that affect sleep-EEG, 
such as depression and stroke, and medications that affect 
sleep-EEG, such as benzodiazepines. Further descriptions 
of these four cohorts can be found in Ye et al. (2020). For 
the fifth comparison group, we restricted the MGH PSG 
dataset based on abnormal sleep testing results, neurological 
and psychiatric disorders, current use of neuroactive medi-
cations, and major health conditions to arrive at a group 
of healthy control subjects (MGH healthy control (HC)). 
Specific exclusion criteria for this cohort are provided in 
Table 2. Further details on the criteria used for these clas-
sifications are provided in the Supplemental Material. A 
final comparison cohort (Dreem healthy control), which was 

provided by the sleep wearables company Dreem, includes 
self-reported healthy individuals who underwent overnight 
EEG recordings using the same home-wearable device as 
the advanced meditation group, the Dreem headband. Sleep 
wearables refer to portable devices that monitor brain activ-
ity and sleep patterns, allowing for convenient data collec-
tion at home instead of in-lab settings. Exclusion criteria 
for this cohort are based on self-reported health and sleep 
metrics described in Table 2.

Measures

Cognition and Emotion Batteries

From the NIH Toolbox Cognition Battery (Gershon et al., 
2013), the tests administered were the Picture Vocabulary 
Test (PVT), Oral Reading Recall Test (ORRT), List Sort 
Working Memory Test (LSWMT), and Picture Sequence 
Memory Test (PSMT). These tests examined the domains 
of language (PVT, ORRT), working memory (LSWMT), 
and episodic memory (PSMT). Two versions of each of 
these tasks were administered at the different time points 
to remove practice effects. Three tests from the Cognition 
Battery that test executive function (Dimensional Change 
Card Sort Test), attention (Flanker Inhibitory Control and 
Attention Test), and processing speed (Pattern Comparison 

Fig. 1   Cohort selection: flowchart showing how the final meditation cohort and other comparison cohorts are selected
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Processing Speed Test) were not tested as they were unable 
to be administered over Zoom. The NIH Toolbox Emo-
tion Battery (Gershon et al., 2013) involved seven 2-min 
assessments: Positive Affect, Life Satisfaction, Emotional 
Support, Instrumental Support, Friendship, Loneliness, 
and Perceived Stress. Emotional Support evaluates the 
participant’s perception of having empathetic, caring indi-
viduals in their social network who are available to listen. 

Friendship measures the availability of friends or com-
panions for interaction. General Life Satisfaction assesses 
whether participants enjoy and find contentment in their 
life experiences. Instrumental Support evaluates percep-
tions of material or functional aid being available for daily 
tasks. Loneliness measures feelings of social isolation or 
being alone. Perceived Stress assesses how unpredict-
able, uncontrollable, and overwhelming participants find 

Table 2   Exclusion criteria for 
healthy control groups

Abbreviations: EEG, electroencephalogram; REM, rapid eye movement; MGH, Massachusetts General 
Hospital; AHI, apnea–hypopnea index; PLMI, periodic limb movement index; WASO, wakefulness after 
sleep onset; MCI, mild cognitive impairment, HIV, human immunodeficiency virus

Cohort Details Exclusion criteria

Dreem healthy control Self-reported healthy controls who underwent 
overnight EEG recordings with the Dreem 
EEG device

- Apnea
- Restless legs 

syndrome
- Circadian 

rhythm distur-
bance

- Sleepwalking
- Hypersomnia
- Narcolepsy
- Cataplexy
- REM-sleep 

behavior dis-
order

- Insomnia
- Depression
- Shift worker

MGH healthy control Healthy participants who underwent clinical 
polysomnography (PSG) testing in the MGH 
sleep lab

Abnormal sleep 

testing results:

- AHI > 5
- PLMI > 10
- Sleep 

latency > 30 min
- WASO > 30 min
Neurological 

and psychiatric 

disorders:

- Bipolar disorder
- Alcohol abuse
- Encephalopathy
- Depressive 

disorders
- Huntington’s 

chorea
- Stroke
- Dementia
- MCI
Neuroactive 

medications:

- Benzodiazepines
- Antidepressants
- Neuroleptics
- Opiates
Major health 

conditions:

- Cancer
- HIV
- Trisomy 21
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their lives. Positive Affect evaluates feelings of happiness, 
excitement, and contentment in the environment.

Sleep‑EEG‑Recordings

For pre-retreat sleep EEGs, two participants had four nights, 
fourteen had three nights, seven had two nights, eight had 
one night, and three had none. For post-retreat sleep EEGs, 
five participants had four nights, fifteen had three nights, 
seven had two nights, three had one night, and four had none. 
Recordings shorter than 3 hr or longer than 10 hr, contain-
ing more than 50% artifact, or at unusual sleep times (4:00 
am to 6:00 pm) were excluded from analysis (Fig. 1). The 
duration of sleep EEG recordings was variable since partici-
pants wore the Dreem EEG headbands at home and followed 
their habitual sleep times. Each participant from the Dreem 
healthy control cohort recorded multiple nights of EEG (6 
on average) using the Dreem EEG device.

Exposure

There are two different exposures on the study cohort: (1) 
long-term advanced meditation practice and (2) participation 
in the meditation retreat.

Outcomes

We evaluated two outcomes in the advanced meditators: (1) 
Cognition and Emotion Battery performance, and (2) sleep 
EEG–based brain age index (BAI).

Confounding Factors

Several potential confounding factors were pre-specified, 
with a focus on the covariates to be adjusted for in the anal-
ysis. Only those covariates that affected both the exposure 
(meditation) and the outcome (brain age index) were clas-
sified as confounding variables. These confounding fac-
tors included age, sex (male/female), education level (high 
school/college/graduate), and race (Asian, Black or African 
American, Multi-Racial, White, or Other). Given that the 
meditation dataset comprised solely participants identifying 
as non-Hispanic, ethnicity was not treated as a confounding 
variable but was instead included as a covariate. Addition-
ally, we measured as a confounding variable the percentage 
of individuals who were bilingual, but spoke English as a 
second language, given the large percent of individuals in 
the cohort who were fluent in English but immigrated from 
India. These confounding factors were measured for both the 
meditation cohort and the MGH comparison cohorts. For 
the Dreem healthy controls, only age and sex information 
were available.

Data Analyses

Cognition and Emotion Testing

To analyze Cognition Battery results, we used corrected 
T-scores (adjusted for the key demographic variables of 
age, gender, race/ethnicity, and education level) generated by 
the NIH Toolbox iPad app for analysis. Repeated measures 
ANOVAs performed using JASP software version 0.16.3 
were used to assess changes in adjusted measures. Cognitive 
and emotional scores were analyzed separately.

EEG Preprocessing and Artifact Removal

We employed standard filtering and artifact removal 
approaches. For the Dreem device signals (meditation 
cohort, Dreem healthy control cohort), we used two bipolar 
EEG channels: F7-O1 and F8-O2. The sampling rate was 
250 Hz, i.e., 250 sampling points per second. EEG signals 
were notch-filtered at 60 Hz to reduce background noise and 
bandpass-filtered from 0.5 to 20 Hz to reduce myogenic arti-
facts. Signals were then segmented into 30-s epochs.

For the Dreem device signals, epochs with artifacts 
were excluded in two steps. In the first step, we removed 
“definite” artifacts by excluding epochs with a maximum 
absolute amplitude larger than 500 µV or a low (standard 
deviation < 1 µV) amplitude that lasted 2 s or longer. In the 
second step, for the remaining epochs, we applied a trained 
linear discriminant analysis (LDA) classifier to classify each 
epoch as artifact vs. not artifact. The details are described in 
the Supplementary Method.

For clinical PSGs (MGH cohorts), we used six EEG chan-
nels, including F3-M2, F4-M1, C3-M2, C4-M1, O1-M2, 
and O2-M1. The sampling rate was 200 Hz. Signals were 
preprocessed in the same way as the Dreem EEG signals. 
For artifact removal, we removed the “definite” artifacts as 
defined in the first step above, since the clinical-grade PSG 
signals are cleaner than the signals from the Dreem devices 
used at home.

EEG Spectrum and Spectrogram

We used the multitaper method (Prerau et al., 2017; Thom-
son, 1982) to estimate the power spectral density for each 
30-s epoch of the EEG during sleep. We used 18 tapers, 
which produced a half-bandwidth of 0.67 Hz. Spectrograms 
were generated by a sequence of spectra estimated using 
30-s non-overlapping epochs. For visualization, we limited 
spectrogram frequencies from 0.5 to 20 Hz, and then con-
verted the units to decibels (dB).

To further minimize potential non-physiological differ-
ences between EEGs from the Dreem device and clini-
cal PSGs from the MGH comparison cohorts, we applied 
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spectral normalization (Grandchamp & Delorme, 2011) 
to bring power spectral densities (PSD) of Dreem EEG 
recordings at the group level into closer alignment with 
appropriately matched PSG recordings from the refer-
ence group (MGH “no-dementia” group). For each sleep 
stage, age group, sex, and electrode channel, we computed 
the average PSD across all available 30-s epochs for both 
Dreem and MGH PSG EEGs from the reference group. The 
inverse Fourier transform of the ratio between the average 
PSD in the MGH “no dementia” group to the Dreem group 
(PSG/Dreem) provides the desired temporal filtering ker-
nel. The rationale is the convolution theorem, where the 
Fourier transform of a convolution of two signals is the 
product of their Fourier transforms. We therefore filtered 
Dreem EEGs with this filtering kernel to perform spectral 
normalization. We acknowledge that some meditation-
related differences could be under-estimated as a result of 
filtering.

Effects of Advanced Meditation‑Based Brain Age Index (BAI)

Brain age index (BAI) is the difference between brain age 
(BA) and chronological age (CA): BAI = BA − CA. BA 
is calculated by first extracting 102 features from each 
30-s epoch covering both time and frequency domains as 
described in Sun et al., 2019, then taking the average of 
these features across epochs from the same sleep stage, 
forming 102 × 5 = 510 features per EEG, and finally com-
bining these features as a weighted sum. The frequency-
domain features include statistics of delta (1–4 Hz), theta 
(4–8 Hz), alpha (8–12 Hz) band power, and power ratios. 
The time-domain features include statistics and entropy of 
the signals. We derived the weights from a model trained 
on 2,330 participants identified as “brain healthy,” meaning 
they had not been diagnosed with any significant neurologi-
cal or psychiatric disorders at the time of the polysomnog-
raphy (PSG) (Paixao et al., 2020).

The EEG channels from the Dreem device differ from 
the PSGs which were initially used to train the BAI model. 
To obtain the BAI for Dreem data, we adapted the original 
BAI model by retraining it on brain-healthy participants 
(age range 18 to 80 years old) from a prior BAI study 
(Sun et al., 2019) using the F3-M2 and F4-M1 channels 
to approximately match the F7-O1 and F8-O2 channels in 
Dreem (F3 is near the location of F7, and F4 is near the 
location of F8). For both the meditation cohort and the 
Dreem healthy control cohort, we estimated the BAI by 
calculating the average BAI over the recording nights, so 
that the point estimate of BAI is comparable for partici-
pants with different numbers of nights available. Previous 
research using the sleep-EEG-based BAI from Sun et al. 

(2019) demonstrates that night-to-night variability of BAI 
is reduced by averaging across multiple nights (Hogan 
et al., 2021).

Effect Estimation

To estimate the effects of the retreat in the meditating cohort, 
we calculated the difference in scores for the Cognitive and 
Emotion Batteries and for the BAI before the retreat com-
pared to after the retreat. To estimate the effects of long-term 
advanced meditation, we compared pre-retreat Cognitive and 
Emotion Battery results with published norms for the gen-
eral population; and pre-retreat BAI with BAI in several non-
meditator comparison groups using matching. The purpose 
of matching is to ensure that a comparison of the outcomes in 
different exposure groups is not confounded by differences in 
confounding factors, including age, sex, education level, and 
race. We used full matching from the “matchit” package in R, 
where every participant receives a weight so that the distribu-
tion of covariates in the weighted sample across groups is as 
similar as possible (Ho et al., 2007; Stuart, 2010; Thoemmes & 
Kim, 2011). These weights are then used in a linear regression 
to predict outcomes. Confidence intervals were derived using 
clustered covariance matrix estimation. We considered three 
options to serve as the reference group for matching (MGH 
“no dementia” group; MGH healthy control group; Dreem 
healthy control group). Among these, we selected the MGH 
“no dementia” cohort as it was the largest of the three potential 
reference groups.

Statistical Analysis

BAI for groups is summarized by group means and stand-
ard errors. Cognitive and emotional scores for the groups are 
summarized using means and standard deviations, as well 
as medians and interquartile ranges. The outcomes before 
and after meditation are compared using paired t-tests for 
two related samples. The outcomes with and without long-
term advanced meditation practice are compared using 
t-tests with independent samples. Significance was set at 
p < 0.05/50 = 0.001, based on Bonferroni correction, where 
50 is a conservative estimate of the number of tests. We define 
0.001 < p < 0.05 as trend-level. We also analyzed years of 
meditation in relation to BAI to test for a longitudinal effect 
of meditation. Finally, we calculated the Spearman’s correla-
tion between pre-retreat BAI versus corrected t-score of the 
crystallized cognition score as well as pre-retreat BAI ver-
sus Positive Affect from the Emotion Battery to investigate 
how well the relationship between these two variables can be 
described using a monotonic function, where a value of + 1 
represents a perfect positive correlation and − 1 represents a 
perfect negative correlation.
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Results

Cohort Characteristics

Participants’ demographics and comorbidities (Table 3) 
were recorded before the retreat. Thirty-four participants 
(average age = 38 years; 36% female) completed the study, 
as one person withdrew post-retreat due to a medical issue 
unrelated to the study. It is noteworthy that 53.1% of the 
meditation cohort reported being foreign-born bilingual 
individuals from India, with English as their second lan-
guage. Additionally, 62.5% of the meditators reported a 
high level of education, having completed an advanced 
degree such as an associate’s, master’s, or doctoral degree. 
For comparison groups: there were 1077 Dreem healthy 
controls (average age = 46 years, 18% female); 112 MGH 
healthy controls (39 years, 55% female); 7618 in the MGH 
“no dementia” group (49 years, 50% female); 697 MGH 
“symptomatic” (64 years, 56% female); 205 MGH “MCI” 
(68 years, 42% female); and 153 in the MGH “dementia” 
group (70 years, 45% female). In Figure S2 (in the Supple-
mentary Information), we show typical spectrograms for 
each group for visual comparison (in the Supplementary 
Information).

Effects of Advanced Meditation on Brain Age Index

We compared BAI in advanced meditators to the sub-
cohorts to estimate the effects of advanced meditation 
(Fig. 2). The estimated BAIs after adjustment by match-
ing are: meditation group, − 5.9 years (SE = 0.94 years, 
p < 0.001); Dreem healthy controls, − 0.24 (0.61, 
p < 0.001); MGH healthy controls, 0.55 (0.92, p < 0.05); 
MGH “no dementia”, 2.4 (0.094, reference cohort for 
t-test); MGH “symptomatic”, 2.0 (0.33, p > 0.05); MGH 
“MCI”, 8.8 (2.8, p < 0.05); and MGH “dementia”, 10.5 
(2.8, p > 0.01). We also analyzed which sleep features 
(components of BAI) differed between groups (Figure S3 
in the Supplementary Information). The top three EEG 
features that lead to younger brain age in the medita-
tors are (1) higher frontal amplitude kurtosis during N2, 
which measures abrupt high-amplitude bursts likely due 
to K-complex; (2) higher frontal theta power kurtosis 
during N2, which measures the extent of transient high-
power burst; and (3) higher frontal alpha power kurto-
sis during N2. Unadjusted estimates of BAI by group are 
reported as a supplement (Table S1 in the Supplementary 
Information).

We investigated whether BAI correlates with the num-
ber of years of advanced meditation practice (Fig. 3). Data 
were available from 29 participants; 3 meditators did not 

Table 3   Demographic and comorbidity for meditation cohort

Abbreviations: IQR, interquartile range; COVID-19, coronavirus dis-
ease 2019
a Data reported as number (%) for categorical variables and median 
(IQR) for continuous variables
b Data reported for all enrolled participants (n = 35) unless otherwise 
noted
c Percentages were rounded up and therefore may not add to 100%
d Data reported for all participants (n = 32) who completed the base-
line survey
e Foreign-born with English as a second language

Baseline characteristica No. (%)b

Demographic

  Female 13 (37.1)

  Age, median (IQR) 35 (31–42)

Ethnicity

  Not Hispanic 35 (100.0)

Racec

  Asian 30 (85.7)

  Black or African American 1 (2.9)

  Multi-racial 1 (2.9)

  White 3 (8.6)

Educationc

  High school graduate 1 (2.9)

  Associate degree 1 (2.9)

  Bachelor’s degree 14 (40.0)

  Master’s degree 16 (45.7)

  Doctoral degree 3 (8.6)

Languagec,d

  Foreign-born English speaker 10 (31.2)

  Foreign-borne 17 (53.1)

  Native-born English speaker 5 (15.6)

Employment statusc,d

  Employed full-time 23 (71.9)

  Employed part-time 1 (3.1)

  Other 2 (6.3)

  Self-employed 6 (18.8)

Workc,f

  20–40 hr/week 8 (25.8)

  > 40 hr/week 23 (74.2)

Comorbidities

  None reported 20 (62.5)

  Thyroid disease 4 (12.5)

  Asthma 3 (9.4)

  Gastrointestinal disease 3 (9.4)

  Hypertension 2 (6.3)

  Anemia 1 (3.1)

  Anxiety 1 (3.1)

  Rheumatoid arthritis 1 (3.1)

  Back or neck pain 1 (3.1)

  Diabetes 1 (3.1)

  Headaches 1 (3.1)

  Peripheral neuropathy 1 (3.1)

  Sinusitis 1 (3.1)

  COVID-19 1 (3.1)
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report the number of years; 2 meditators had no suitable 
recordings for analysis after artifact removal. The slope of 
the line is −0.49 years; however, this trend did not reach 
statistical significance (p > 0.05). This suggests that there is 
not a longitudinal effect of years of meditation on brain age 
index. In terms of macro-sleep characteristics, the only find-
ing is that the mean sleep duration for the meditation cohort 

(6.0 hr, SD = 1.2 hr) was significantly lower (p < 0.001) than 
the Dreem healthy controls (7.6 hr, SD = 1.2 hr). We did not 
compare to the MGH cohorts due to the enforced wake-up 
time in the sleep clinic.

Effects of the Retreat on Brain Age Index

We next compared BAI before vs. after the retreat for par-
ticipants with eligible EEGs (138 of 159 recordings) and 
found no significant differences in group average BAI 
(before: − 5.9 ± 8.2 years; after − 5.0 ± 6.9 years, p > 0.05). 
Mean sleep duration before was 6.1 hr (SD = 1.2 hr), and 

f Data reported for most participants (n = 31) who completed the base-
line survey; one person did not complete this section of the survey

Table 3   (continued)

Fig. 2   BAI by group: The brain age index (BAI) (mean, standard 
error) in meditators with long-term advanced meditation practice 
(bottom group), healthy controls (HC) from the community, HC from 
the Massachusetts General Hospital (MGH) sleep lab, all MGH sleep 
lab participants excluding people with a diagnosis of dementia, mild 
cognitive impairment (MCI), or symptomatic of brain decline, as well 

as different stages of brain decline (symptomatic, MCI, dementia) 
from the MGH clinical sleep lab. The BAI is expressed in the unit of 
years, indicating the deviation of brain age from chronological age. 
The mean and standard errors are based on matching to the MGH 
“no dementia” sleep lab group. Stars indicate statistical significance 
(p < 0.001)

Fig. 3   BAI vs. years of medita-
tion: Scatter plot of years of 
meditation versus mean BAI 
for 29 participants. The black 
line is the least square fit to the 
data points. The shaded area 
represents the 95% confidence 
interval for the least square fit
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after the retreat was 5.9 h (SD = 1.3 hr); these were not sig-
nificantly different (p > 0.05).

Effects of Advanced Meditation on Cognition 
and Emotion

We first examined how meditators compared to national 
norms, defined as the mean of 50 fully corrected T-scores 
generated by the NIH Toolbox (Table 4); both raw scores 
and fully corrected T-scores were produced by the NIH 
Toolbox and were not analyzed by our research team. 
Fluid cognition score means on the List Sorting Working 
Memory Test and the Picture Sequence Memory Test were 
significantly above the standardized mean of 50 (LSWMT, 
t33 = 3.45, p < 0.01; PSMT, t33 = 6.44, p < 0.001). For crystal-
lized cognition, participants scored significantly higher than 
the national norm for the Oral Reading Recall Test (ORRT, 
t33 = 9.76, p < 0.001), but below the norm for the Picture 
Vocabulary Test (PVT, t33 =  − 4.01, p < 0.001).

Effects of the Retreat on Cognition and Emotion

Means (SD) and medians (IQR) for each time point (pre, 
post) are reported as supplements (Table S2 in the Sup-
plementary Information). While measures of crystallized 

cognition, representing hold abilities, did not improve from 
pre- to post-retreat—and even declined for the ORRT—
tests of fluid cognition (PSMT, LSWMT) demonstrated 
non-significant but trend-level improvements following the 
retreat. Surveys of affective measures increased significantly 
for positive affect and decreased non-significant but trend-
level for negative affect (see Supplemental Analysis 1 in 
Online Resource 1).

Correlation Between BAI vs. Cognitive and Emotion 
Scores in the Meditation Cohort

At the pre-retreat stage, the corrected T-score of Crystalized 
Cognition had the strongest Spearman’s correlation with 
BAI among cognitive scores, but was not significant (cor-
relation = 0.24, p > 0.05). Positive Affect had the strongest 
Spearman’s correlation with BAI among emotion scores, but 
was not significant (correlation = 0.28, p > 0.05). At the post-
retreat stage, the List Sorting Working Memory Test had the 
strongest Spearman’s correlation with BAI among cognitive 
scores, and was significantly negative (correlation =  − 0.47, 
p < 0.01), suggesting an older BAI to be associated with 
worse working memory. The Perceived Stress had the 
strongest Spearman’s correlation with BAI among emotion 
scores, and was significantly positive (correlation = 0.41, 

Table 4   Raw and adjusted 
scores on the NIH Toolbox for 
meditation cohort

Abbreviations: NIH, National Institutes of Health; IQR, interquartile range; LSWMT, List Sorting Work-
ing Memory Test; ORRT​, Oral Reading Recall Test; PSMT, Picture Sequence Memory Test; PVT, Picture 
Vocabulary Test
a Data reported as mean (SD), and median (IQR) for continuous variables
b Data reported for all enrolled participants (n = 35) for the first assessment and 34 (97%) participants for 
the second assessment, totaling 69 assessments
c Crystallized composite score is a calculation provided by the NIH Toolbox that summarizes crystallized 
cognition test scores. Three fluid cognition tests were omitted as they could not be completed over Zoom, 
so no composite fluid cognition score was generated

Assessmenta Raw score, mean (SD), median (IQR)
(n = 69)b

Adjusted score, mean (SD), 
median (IQR)
(n = 69)b

Cognition batteries

  Crystallized compositec 110.794 (6.873), 111 (10) 54.897 (8.634), 55 (12)

  LSWMT 20.074 (3.092), 20 (4) 55.515 (10.747), 53 (16.25)

  ORRT​ 116.926 (7.468), 118 (9.75) 64.221 (10.865), 66.5 (15)

  PSMT 20.309 (7.819), 20 (12) 60.162 (11.931), 57 (16.75)

  PVT 104.044 (8.49), 103.5 (12.25) 44.691 (9.136), 41.5 (15)

Emotion batteries

  Emotional Support 31.676 (7.214), 33.5 (11) 45.206 (10.587), 45.5 (16.25)

  Friendship 28.735 (6.459), 29 (7) 46.353 (9.196), 46 (9.25)

  General Life Satisfaction 27.971 (13.346), 23 (7) 57.265 (9.552), 57 (9.5)

  Instrumental Support 32.529 (6.302), 33 (9) 49.441 (8.589), 48.5 (10)

  Loneliness 8.618 (3.332), 8 (5.25) 49.206 (9.458), 49 (18.25)

  Perceived Stress 20.588 (5.948), 21.5 (9) 43.75 (10.414), 46.5 (13.5)

  Positive Affect 32.721 (21.167), 18 (41.25) 52.544 (9.302), 50 (9)
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p < 0.05), suggesting an older BAI to be associated with a 
higher stress level. On the other hand, education level was 
not associated with either pre-retreat and post-retreat BAIs.

Discussion

The growing body of literature is pointing to the impact of 
meditation on brain age, making meditation a very attractive 
non-pharmacological potential intervention for age-related 
cognitive decline and neurodegenerative conditions. Aging 
impacts the brain structure, function and biochemistry. The 
underlying mechanisms leading to the age-protective effects 
of meditation on the brain are not well understood (Kurth 
et al., 2017). Some of the causal pathways may be related 
to slower cellular aging (Gomutbutra et al., 2020; Schutte 
et al., 2020), reduced inflammaging (Creswell et al., 2012; 
Creswell et al., 2016; Malarkey, Jarjoura, & Klatt, 2013; 
Ng et al., 2020; Rao et al., 2015; Sadhasivam et al., 2021), 
increased blood biomarkers associated with development, 
plasticity and longevity of neuronal cells (De Melo Reis 
et al., 2021; Sadhasivam et al., 2020), and enhanced emo-
tional regulation and mental well-being which in turn can 
lead to a more balanced homeostatic state (Gál et al., 2021; 
Khoury et al., 2017; Kurth et al., 2017).

Regional volumetric brain atrophy and loss of cortical 
thickness are the known effects of normal aging on the 
brain. Meditation is associated with a slower decline or even 
increase in cortical thickness and gray matter volume in sev-
eral areas of the brain (Afonso et al., 2020; Fox et al., 2014; 
Kurth et al., 2023; Pernet et al., 2021), as well as improved 
white matter connectivity (Laneri et al., 2016; Perez-Diaz 
et al., 2024) as depicted by MRI studies.

Brain functional connectivity is altered across the life 
span (Baghernezhad & Daliri, 2024; Farras-Permanyer 
et al., 2019) and brain age can be estimated with machine 
learning algorithms using fMRI resting state functional con-
nectivity data (Lund et al., 2022; Millar et al., 2022; Sone 
& Beheshti, 2022). Meditation is known to alter the brain’s 
functional connectivity (Rathore et al., 2022; Vishnubhotla 
et al., 2021). However, to our knowledge, there is no pub-
lished study estimating brain age in meditators compared to 
controls, using functional MRI modality.

Brain electrical activity is also altered with age. Several 
studies suggest that the Gamma band power is negatively 
correlated with age (Magalhaes et al., 2018; Scott et al., 
2015) while others suggest the opposite correlation (Al 
Zoubi et al., 2018; Gao et al., 2017), potentially indicat-
ing un-accounted various mental and emotional state of the 
subjects. There is a sparsity in literature on the impact of 
meditation on brain age using EEG data. A randomized con-
trolled study on middle-aged adults showed increased fast 
wave (beta and gamma) resting state power after 7 weeks 

of meditation practice suggesting the reversal of the age-
mediated change in brain electrical activity with meditation 
(Lee et al., 2024).

Our results suggest that meditator brains are on aver-
age 5.9  years younger than matched healthy controls. 
These results agree with previously reported data showing 
7.5 years younger brains in long-term meditators of age 50, 
compared to controls using structural MRI pattern recogni-
tion (Luders et al., 2016).

Human sleep shows significant, predictable changes with 
aging, both in sleep architecture and EEG patterns. Older 
adults tend to sleep and wake earlier, experience shorter 
sleep durations, more fragmented sleep, and reduced REM 
and deep NREM sleep (Mander et al., 2017; Scullin, 2017; 
Sun et al., 2018). At the EEG level, older people exhibit 
fewer slow waves, decreased sleep spindle activity, and less 
synchronization between slow oscillations and spindles dur-
ing deep sleep (Carrier et al., 2001; Helfrich et al., 2017; 
Larsen et al., 1995; Purcell et al., 2017; Sun et al., 2019). 
Older BAI is associated with advanced dementia (Ye et al., 
2020), higher mortality (Paixao et al., 2020), lower crystal-
lized cognition (Adra et al., 2023), HIV infection (Leone 
et  al., 2021), and epilepsy (Hadar et  al., 2024), while 
younger BAI is associated with exercise (Ouyang et al., 
2024) and CPAP treatment (Yook et al., 2024).

Long-term advanced meditation practice was associated 
with decreased sleep-EEG-based brain age. The meditation 
cohort also performed significantly better than standardized 
norms across several cognitive domains, including both tests 
of fluid cognition and the crystallized cognition compos-
ite score. Measures of crystallized cognition (besides the 
ORRT) did not change significantly before versus after the 
retreat, offering support that these static measures accurately 
describe our meditation cohort. We did not find evidence 
that the retreat measurably affected BAI; we believe these 
physiological changes develop over longer periods. This 
hypothesis is supported by research applying the BAI in 
Sun et al. (2019) to a cohort completing a 12-week exercise 
program, in which cognitive scores on the NIH Toolbox 
improved but changes in BAI and sleep architecture were not 
significant (Ouyang et al., 2024). Higher scores on cognitive 
tests compared to the general population may be due to long-
term meditation practice as opposed to meditation retreat 
attendance. Instead, the benefits of retreat participation were 
evident in Emotion Battery results, namely increased percep-
tions of positive affect, friendship, and emotional support, 
alongside decreased stress and loneliness. Overall, these 
results are consistent with the hypothesis that advanced med-
itation improves brain health over time, although it suggests 
that these effects are not significant enough to measure over 
the course of a brief meditation retreat.

Given the importance of sleep in brain health, one possi-
ble interpretation of our findings is that long-term meditation 
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practice improves sleep in some way, and that this improves 
brain health. However, if so, our results are more consistent 
with the hypothesis that meditation improves sleep qual-
ity, as opposed to sleep duration. While some studies found 
improved sleep durations in meditators, other researchers 
have attempted to investigate an old Buddhist claim that 
proficient meditators sleep less than the normal popula-
tion. Buddhist texts assert that meditators need only 4 hr 
of sleep per night, and that reduced sleep time is indicative 
of proficiency in meditative practices (Britton et al., 2014). 
Compared to non-meditators, the average sleep duration for 
a set of Indian meditators was significantly shorter than for 
non-meditators (5.2 vs. 7.8 hr; p < 0.001) (Kaul et al., 2010). 
Despite the reduced sleep duration of these participants, 
performance on an attentional task called the psychomo-
tor vigilance task (PVT) was equivalent to non-meditators. 
Another cross-sectional PSG study reported long-term 
Tibetan and Theravada Buddhist meditators had significantly 
reduced sleep time (6.2 vs. 6.7 hr, p < 0.001) compared to 
age- and sex-matched non-meditating controls (Ferrarelli 
et al., 2013). Our study is consistent with the hypothesis 
that changes in sleep related to advanced meditation, if they 
are mediated by improvements in sleep, are due to increased 
sleep quality as opposed to sleep duration, as we also noticed 
a decrease in sleep duration in the meditation cohort com-
pared to other cohorts.

Possible mechanisms involved in mediating sleep 
changes through meditation practices may involve respir-
atory-brain interactions. The respiratory control neuronal 
groups in the brain stem have widespread connections. 
There is correlated cortical and limbic neuronal activity 
during respiration (Herrero et al., 2018). During volition-
ally paced breathing, intracranial EEG-breath coherence 
increases in a frontotemporal-insular network, and during 
attention to breathing, there is increased coherence in the 
anterior cingulate, premotor, insular, and hippocampal 
cortices (Herrero et al., 2018). Slow-deep breathing is a 
common theme in advanced meditation. As noted above, 
the respiratory signal permeates the brain, including the 
hippocampus, but one key target may be the locus coer-
uleus (Melnychuk et al., 2018). This cell group exclusively 
provides norepinephrine to the cerebral cortex, and activa-
tion of this system reliably induces sleep fragmentation 
and inhibits sleep spindles (Osorio-Forero et al., 2021, 
2022). Modulation of locus coeruleus activity by medi-
tation-related breathing patterns (Melnychuk et al., 2018, 
2021) could ultimately enhance spindles or slow-wave 
activity, which are key components of the BAI. Meditation 
practices also alter the activation of the anterior cingulate 
and insular cortices (Fox et al., 2016), which are important 
generators of the slow oscillations underlying deep non-
rapid eye movement sleep. Activation of the carotid body 
results in sympathetic excitation (Da Silva et al., 2019; 

Kim & Polotsky, 2020; Moraes et al., 2015), which in turn 
is associated with arousals and sleep fragmentation. Slow 
breathing practices also reduce the slope of the hypoxic 
ventilatory response, reflecting carotid body sensitization 
(Bernardi et al., 2007; Critchley et al., 2015; Spicuzza 
et al., 2000).

Greater cortical neural synchronization, both in wake-
fulness and sleep, is hypothesized to play a role in medita-
tors’ increased cognitive and emotional health. However, 
it is currently unknown whether meditation is the medi-
ating factor for these improvements, as “psychologically 
healthy” individuals may be more favorably predisposed 
towards meditating (Delmonte, 1984). In previous stud-
ies, brain age algorithms register lower BAI in neurologi-
cally healthy people compared to diseased people (Paixao 
et al., 2020). Other factors (diet, exercise, genetics) might 
influence the decision to start meditating or otherwise be 
correlated. We cannot determine the strength of the direct 
effect of meditation on BA without knowing the relative 
strength of these covariates.

Regarding emotional well-being, we identified 
increased positive affective, friendship and emotional 
support from pre- to post-meditation retreat, as well as 
a reduction in perceived stress. We propose that these 
outcomes are attributed to an enhanced sense of unity, 
fostered by community and spiritual connections that tran-
scend verbal communication. According to prior research 
on the experience of mystical states, meaning altered 
states of consciousness characterized by a profound sense 
of peace, rhythmic chanting induced mystical states in 
60% of participants (Perry et al., 2021). We believe that 
participants in the study experienced mystical states that 
enhanced experiences of connection to others, despite not 
speaking with the other participants during the program. 
Prior research on the participative benefits of mindful-
ness meditation supports the findings of decreased loneli-
ness (Creswell et al., 2012) and increased self-compassion 
(Kozasa et al., 2015).

Our results are based on a re-trained brain age model, 
which only uses the frontal EEG channels due to the 
limited electrodes of the devices, rather than using fron-
tal + central + occipital channels in the original brain age 
paper (Sun et al., 2019). The equivalent of the frontal-only 
model is supported by the fact that sleep is a global brain 
event; hence, the features from frontal/central/occipital 
channels are highly correlated and contain similar infor-
mation about brain aging. In another study using sleep 
EEG to predict cognition (Adra et al., 2023), the perfor-
mance of using frontal channels only is similar to using 
frontal + central + occipital channels. In a follow-up study 
of sleep EEG–based brain age in exercise (Ouyang et al., 
2024), the Dreem device was used, and a frontal-only brain 
age model was also re-trained.
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Limitations and Future Research

We cannot definitively conclude that the difference in brain 
age index is causal because we do not have baseline data 
before starting meditation. Thus, we cannot fully separate 
the effects of meditation from those of selection bias, life-
style choices, diet, or other confounding factors. Future stud-
ies should attempt to establish whether there exists a cause-
and-effect relationship between meditation and reduced 
BAI. In addition, the lack of a clear longitudinal effect of 
years of meditation on brain age index suggests that self-
selection bias may be contributing to the lower brain age 
in this cohort of meditators. Thus, it is unknown whether 
people who choose to practice meditation are predisposed 
towards having a lower brain age index, which should be 
studied in the future. Another limitation is that this sample 
of meditators, who opted to participate in a study addressing 
the neural effects of a silent meditation retreat, may create 
a biased sample due to self-selection. Additionally, a large 
percentage of participants listed English as a second lan-
guage, possibly affecting scores on pronunciation or spelling 
batteries. Furthermore, the high level of education among 
participants introduces an additional confounding factor, as 
93% of meditators in this study hold a bachelor’s, master’s, 
or other advanced degree beyond high school. The results of 
this study may not be generalizable to cohorts practicing dif-
ferent meditation practices. Changes from the retreat may be 
too minute to detect with standard cognitive testing because 
measurable brain changes take time, and this study aimed 
to detect changes after a short meditation retreat. Lastly, 
the frontal-only brain age model is not as widely validated 
as the original brain age model using frontal, central, and 
occipital channels.
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