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Abstract: (1) The effects of intensive mental training based on meditation on the functional and
structural organization of the human brain have been addressed by several neuroscientific studies.
However, how large-scale connectivity patterns are affected by long-term practice of the main forms
of meditation, Focused Attention (FA) and Open Monitoring (OM), as well as by aging, has not yet
been elucidated. (2) Using functional Magnetic Resonance Imaging (fMRI) and multivariate pattern
analysis, we investigated the impact of meditation expertise and age on functional connectivity
patterns in large-scale brain networks during different meditation styles in long-term meditators.
(3) The results show that fMRI connectivity patterns in multiple key brain networks can differentially
predict the meditation expertise and age of long-term meditators. Expertise-predictive patterns
are differently affected by FA and OM, while age-predictive patterns are not influenced by the
meditation form. The FA meditation connectivity pattern modulated by expertise included nodes
and connections implicated in focusing, sustaining and monitoring attention, while OM patterns
included nodes associated with cognitive control and emotion regulation. (4) The study highlights a
long-term effect of meditation practice on multivariate patterns of functional brain connectivity and
suggests that meditation expertise is associated with specific neuroplastic changes in connectivity
patterns within and between multiple brain networks.

Keywords: functional connectivity; meditation; MVPA; brain networks; fMRI; neuroplasticity;
machine learning

1. Introduction

Meditation can be characterized as a set of mind–body practices involving the regula-
tion of attention, awareness and mental states [1,2]. It can be usefully classified into two
main styles—focused attention (FA) and open monitoring (OM) meditation—depending
on how attentional processes and cognitive monitoring are set [1,3]. In the FA meditation
style, attention is focused on a given meditation object in a sustained manner, with the
implication of attention regulation processes preventing distraction (e.g., mind wandering)
and refocusing on the meditation object [4]. Open Monitoring is based on non-reactive
and non-judgmental monitoring of the contents of experiences and mind-body processes,
primarily as a mean to become aware of emotional and cognitive patterns and to increase
cognitive and emotional flexibility [5,6]. Meditation practices are increasingly relevant in
society and have important clinical, educational and workplace applications [7].

The executive, attentional, and emotional regulatory processes involved in these two
main forms of meditation may have a deep impact on the brain, on cognition, and on
behavior [1,2,6,8]. Several studies have suggested that FA and OM meditation styles involve
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different brain regions and processes, in association with their different phenomenological,
attentional, and cognitive features [1,3,9–11]. However, other studies have highlighted
common neural processes involved in these meditation forms, plausibly in association with
the common executive and meta-awareness functions of FA and OM meditation [2,6,12].

In the past years, it has been shown that brain processes cannot be functionally char-
acterized using isolated brain activations, but rather in terms of large-scale networks that
enable an effective information exchange between regions [13–15]. The characterization
of large-scale brain networks appears crucial for the study of consciousness and medita-
tion [6,9,16]. Moreover, FA and OM meditation forms may differentially modulate the
activity of large-scale brain networks [8,9].

It can furthermore be hypothesized that FA and OM meditation expertise differentially
affects neuroplasticity in terms of functional connectivity (FC) patterns in the brain, in
association with the attentional, monitoring, and regulation processes involved in FA and
OM meditation [1,9]. In particular, the recently proposed Brain Theory of Meditation [8]
suggests that FA meditation leads to a sharpening of activations and coupling between
Salience, Central Executive, and Default Mode networks, whereas OM meditation is
characterized by a more distributed pattern of activations and higher coupling, in particular
in the left hemisphere.

Another relevant subject of study involves the relationships between meditation exper-
tise, age and neuroplasticity related to FA and OM meditation states and traits, since aging
leads to decreased executive control, monitoring, and attentional performances [17,18],
whereas meditation practices and expertise lead to enhanced and more efficient executive
control, monitoring, and attentional processes [1–3,19].

The effects on connectivity have been addressed for both expertise [10,19,20] and
age [21,22]; however, these investigations focused only on a subset of brain regions and
networks and compared different groups of participants without directly assessing the
specific modulation of brain FC by meditation expertise and age in FA and OM meditation
forms, including patterns of brain networks related to the regulation of attention, emotion,
and self [5].

A promising tool to investigate these effects is the study of patterns of FC through
multivariate pattern analysis (MVPA). The interest in MVPA in neuroimaging [23,24] has
grown rapidly due to the ability to detect fine-grained differences in neurophysiological
patterns as compared with univariate methods [25]. Most MVPA studies have focused on
cognitive and perceptual aspects of brain functions [26–29]. Recently, multivariate methods
have been successfully used with FC, as a promising tool for the prediction of individual
subject traits [30–34]. MVPA has also been used in meditation studies, using structural
MRI to predict the age of a group of meditators [35] and discriminate between meditators
and non-meditators [36] as well as to classify the effects on FC of a body–mind training
course [37].

Here we studied the impact of meditation expertise and age on patterns of FC within
and between large-scale brain networks in FA and OM meditation states. We sought to
disentangle the modulation of meditation expertise and age on these networks by using
pattern regression techniques. In particular, we assessed whether patterns of functional
connectivity in FA and OM meditation states are predictive of the number of years of
meditation practice (meditation expertise) and age in a group of long-term Theravada
Buddhist monks, who extensively practice both forms of meditation.

Although meditation expertise and age are necessarily correlated, given their opposite
effects on cognitive performance, it is likely that they affect functional connections in
different ways. Moreover, given the different nature of FA and OM meditation practices,
these should affect functional connections differently as well.

Specifically, we hypothesized that (i) the patterns of FC within and between function-
ally relevant brain networks in the two forms of meditation can be used to predict years of
meditation practice (expertise) as well as age; (ii) age-modulated patterns are independent
from the type of meditation; (iii) expertise-modulated patterns substantially differ between
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FA and OM meditation forms. In particular, we hypothesized that the connectivity pattern
modulated by meditation expertise in FA meditation includes nodes and connections
implicated in focusing, sustaining, and monitoring attention, while modulated FC patterns
in OM meditation include nodes and connections associated with interoception, cognitive
and affective monitoring, and regulation.

2. Materials and Methods
2.1. Participants

Twelve Theravada Buddhist monks (males, mean age 37.9 years, SD 9.4 years, range
25–60) from Santacittarama Buddhist Monastery in Central Italy, following the Thai Forest
Tradition, participated in our study. Participants practiced FA (Samatha) and OM (Vipas-
sana) meditation forms in a balanced way in this tradition, as suggested by the abbot of the
monastery. Meditation expertise was measured in years of practice (mean = 16.41 years,
SD = 7.69 years), with each year assumed to correspond to 1200 h of meditation practice.
The experiment was conducted with the subjects’ written informed consent, according
to the Declaration of Helsinki and with the approval of the Ethics Committee of “G.
d’Annunzio” University of Chieti-Pescara.

2.2. Experimental Design

The experimental design consisted of three blocks of the following sequence: 6 min
of FA and 6 min of OM meditation blocks intermixed with a 3 min non-meditative rest
block (Figure 1A) and cued by vocal instructions. The total duration of the experiment
was 57 min. Instructions on the meditation type or rest were provided verbally before the
beginning of each block. Retrospective self-reports of the meditators suggested that they
adequately performed both FA and OM forms during the experiment.

Figure 1. Experimental paradigm and analysis schema. (A) Experimental procedure consisted of three blocks of the
following sequence: 6 min FA and 6 min OM meditation blocks intermixed with 3 min non-meditative resting state block.
(B) Analysis schema consisted in extracting the average time course of the preprocessed BOLD signal (see Section 2) from
90 ROIs and computing the pairwise Pearson correlation matrix between extracted time courses; then, the upper triangular
part of the correlation matrix was used as a feature set for training a Support Vector Regression (SVR) model, to predict
either the meditation expertise or the age of the participants. Before training, a correlation based feature selection was
performed to reduce the feature set. We split the dataset into two parts: 75% of the subjects were used for training and
25% for training repeating this procedure 50 times, with permutation of the set of subjects for cross-validation. Finally,
performance was evaluated using mean squared error and correlation, while feature evaluation was performed by extracting
the selection frequency of the features and by inspecting the weights of the SVR model.

2.3. Data Acquisition and Preprocessing

Images were acquired on a 1.5 T Siemens Magnetom Vision Scanner; BOLD signal im-
ages were obtained using T2*-weighted echo planar (EPI) sequence (TR = 4.087 s, 28 slices,
voxel size 4 × 4 × 4 mm3, 860 volumes).
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A high-resolution T1-weighted whole-brain image was acquired with a 3D-MPRAGE
sequence (sagittal matrix = 256 × 256, FOV = 256 mm, voxel size 1 × 1 × 1 mm3,
flip angle = 12◦, TR/TE = 9.7/4.0 ms).

Preprocessing of raw images was performed using Brain Voyager QX 1.7 software
(Brain Innovation, Netherlands). The first five scans were discarded to reach T1 saturation.
Preprocessed functional volumes were co-registered with the corresponding structural
image. Temporal filtering included linear and non-linear (high-pass filter of two cycles per
time course) trend removal. No spatial or temporal smoothing was applied, to avoid the
increase of similarity of between-subject connectivity [38].

2.4. Functional Connectivity Analysis

We used the functional ROI parcellation proposed in Shirer et al. (2012) [39], which
defines 90 ROIs from 14 large-scale brain networks. The selected ROI and network lists are
presented in Table S1.

We segmented anatomical images into grey matter, white matter, and cerebrospinal
fluid (CSF) using the FSL FAST algorithm [40]. White-matter and CSF average signals
were regressed out from the fMRI signal, together with movement parameters. Then, the
residual signal was filtered (0.009–0.08 Hz) and finally scrubbed by removing the volumes
with a Framewise Displacement (FD) index greater than 0.5 [41].

2.5. Registration and ROI Definition

We applied a nonlinear transformation to change the ROI coordinate space (MNI) into
the subject space. This procedure is necessary since ROI coordinates were given in the MNI
space; therefore a non-linear co-registration from the individual brain space to the MNI
template was performed using the FSL FNIRT tool [42]. Then, the inverse of the obtained
non-linear transformation was applied to the defined ROIs in order to extract the signal
from the subject space. Once the inverse transformation was applied, we performed the
intersection, in the individual space, between the ROI mask and the grey matter mask to
obtain the ROI time courses. We selected only the ROIs that had an intersection with grey
matter in all participants (7 ROIs discarded).

The average ROI time course was extracted, and the pairwise Pearson correlation
coefficient was computed between all the ROIs, independently from the meditation form,
and for each experimental block. Then, Fisher z-transformation was applied.

2.6. Multivariate Pattern Regression

The values from the upper triangle of the correlation matrix were used as features
(Figure 1B). We computed a correlation matrix for each condition, block, and participant.
Therefore, the dataset for pattern regression analysis was composed of six correlation
matrices per participant (3 for FA and 3 for OM), resulting in 3403 features for 36 samples
for each meditation form.

To reduce the difference between the number of features and the number of samples,
we adopted a feature selection procedure: we computed Pearson correlation between each
feature and meditation expertise or age, then we selected the first 70 connections with the
highest absolute correlation as input to the regression algorithm [30]. The dataset was
split into two parts: 75% of subjects were used as a training set and the remaining 25%
as a testing set. To ensure the independence of data, we used in the training dataset only
data from a set of subjects, and in the testing dataset, only data from the remaining set
of subjects. This procedure was repeated 50 times, by randomly selecting subjects for the
training set to provide a good estimator of the prediction error [43]. Feature selection was
calculated in the training set and then was applied to the testing set [44].

We used the linear Support Vector Regression, with C = 1, and then we computed
both the mean squared error (MSE) and the Pearson correlation (COR) between predicted
and real values as metrics to estimate the prediction error.
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The statistical significance was assessed through permutation tests [45] (n = 1000) to
obtain the null distribution for MSE and COR. Bonferroni correction was used to assess for
multiple comparisons.

The analyses were carried out using scikit-learn [46] and scipy/numpy [47] packages.

2.7. Relevant Feature Analysis

We extracted the weights of each connection tuned during the training phase. Since
we selected only important features before training the prediction model, we discarded
noisy features that could bias the interpretation of the model feature weights [48].

The weights were normalized using the z-score and averaged across cross-validation
to obtain a single matrix with the contribution of each connection.

2.8. Control Analysis for Confound Effects

The two variables (age and expertise) could represent a reciprocal potential confound
for the prediction task. The main approaches to control confounds are (i) using the confound
as a feature to check its predictive power, but a good classification performance could be
misinterpreted due to noise of the confound [48], and (ii) regressing out the confound from
the data, but it may also remove some variance related to the variable of interest [49]. We
performed a control analysis by regressing out the confound from the data (expertise for
age prediction and vice versa).

Since we trained two separate predictive models, for age and expertise, we could also
control for confounding effects by comparing the features selected by the two models [50].
If feature sets overlapped in the models, then the prediction was biased, while if the
relevant feature sets were disjointed, the prediction was not affected by the confound
variable. The advantage of this approach is that the target variable was directly predicted
from the connectivity matrix, without removing the signal from a correlated confound as
in regression, in order to better interpret the features used for prediction.

2.9. Control Analyses in a Novice Group

We performed an analysis by using the same model trained on the meditator group to
predict the age of a novice group of subjects, aiming at understanding whether the trained
model was generalizable or was specific for meditators.

The control group was composed of 10 novice meditators (males, mean age 33.0 years,
SD 4.0 years, range 22–36), with no prior meditation expertise, recruited from the local
community. They practiced FA and OM meditation for 10 days (30 min a day for each form
of meditation) before taking part in the experiment. The specificity of the predictive model
for meditators could strengthen our hypothesis about the long-term effects of meditation
in FC modulation.

A separate analysis to understand whether age can be predicted by functional connec-
tivity in FA and OM meditation forms in the control group was also performed.

Finally, we contrasted, by using a two-sided t-test, the average connectivities of
meditators and novices, in FA and OM, to further validate our hypotheses.

3. Results
3.1. Prediction of Years of Meditation Expertise

The prediction performance was calculated using the mean squared error (MSE) and
the correlation coefficient (COR). We predicted the years of meditation expertise with an
MSE of 0.497 (p < 0.01) and a COR of 0.857 (p < 0.001) in FA meditation. During OM
meditation we predicted the expertise with a MSE of 0.520 (p < 0.01) and a COR of 0.834
(p < 0.001). The average error of the model was about 0.71 years.
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3.2. Prediction of Age

The age of the meditators could be predicted during the FA meditation (MSE = 0.186,
p < 0.005; COR = 0.863, p < 0.001) and during OM meditation (MSE = 0.201, p < 0.005;
COR = 0.791, p < 0.001). The average error was about 0.45 years for FA and OM.

3.3. Control Analyses for the Confounding Effect

Control analysis for the confounding effect was performed, since both variables were
correlated (r = 0.68).

The results confirmed that we can predict expertise and age by regressing out the
confounding variable (age and expertise, respectively). Specifically, the expertise can
be predicted after regressing out the age effect in FA, with MSE = 0.531 (p < 0.01) and
COR = 0.847 (p < 0.001), and in OM, with MSE = 0.563 (p < 0.01) and COR = 0.811.

The age could be predicted after regressing out the expertise effect as well, with
MSE = 0.175 (p < 0.005) and COR = 0.875 (p < 0.001) during FA, while in OM we found
MSE = 0.190 (p < 0.005) and COR = 0.813 (p < 0.001).

These results confirmed that prediction is not affected by confounding variables. The
prediction error is generally worse in the expertise prediction than in the age prediction,
due to some variance lost after regressing out the confounding variable.

3.4. Control Analyses in the Control Group

We used the models trained using meditator data to test the control group to under-
stand whether the age predictive model can be generalized to a different group of subjects.
The models did not generalize to the novice group in FA (MSE = 2.54, n.s.; COR = 0.04, n.s.)
or in OM (MSE = 4.01, n.s.; COR = 0.2, n.s.) meditation.

The prediction of age using a model built on the control group gave no statistically
significant results, neither in FA (MSE = 1.877, n.s.; COR = 0.14, n.s.) nor in OM (MSE = 3.59,
n.s.; COR = −0.2, n.s.).

In addition, to add evidence that long-term practice affects functional connectivity, we
contrasted the connectomes of meditators and control groups in both conditions. We used
a two-sided t-test for the null hypothesis that connectivities of meditators and the control
group have identical average values (see Figure S1). As mentioned above, the specificity
of the predictive model for meditators and the differences in the connectivities between
the two groups supported our hypothesis about the long-term effects of meditation in FC
modulation, despite the fact that differences between the two groups can be ascribed to
other factors (e.g., diet, educational level), which are difficult to control but are common in
the vast majority of meditation studies [2].

3.5. Feature Selection Frequency

We plotted, in Figures 2 and 3, the number of times a connection was selected by the
feature selection algorithm for each cross-validation fold.

Figure 2 shows the sets of connections used to predict age and meditation expertise
in FA (panel a) and in OM meditation (panel b). The figure suggests that the selection
frequency of the features was uncorrelated for the two prediction tasks (FA: r = −0.05,
p > 0.05; OM: r = −0.04, p > 0.05), since the dots lie mostly far from the diagonal. These
results demonstrate that the connections that were involved in age prediction were different
from those involved in predicting the meditation expertise.

In Figure 3 we plotted the frequency of the selected features for the prediction of
meditation expertise (panel a) and age (panel b). Specifically, when features were used
to predict the meditation expertise (panel a), feature selection frequencies appeared to
largely differ in the two forms of meditation. In other words, the two meditation styles
recruited different connections; this was confirmed by the low value (r = 0.14, p < 0.05)
of the frequency correlation across features. Instead, when features were used to predict
the age of the meditators (Figure 3b), the algorithm selected the same features in the two
meditation styles, and the frequencies were highly correlated (r = 0.97, p < 0.001). This
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demonstrates that the connections affected by age are insensitive to the meditation style
and are distinct from those involved in meditation.

We also observed the same effect when the confound variable was regressed out
(r = 0.917, p < 0.001) (Figure S2).

Figure 2. Feature selection frequency in FA and OM meditation styles. The figure shows the feature selection frequency for
(a) focused attention and (b) open monitoring meditation, for age prediction (x-axis) and expertise prediction (y-axis). Each
dot represents a connection (feature), and the position coordinates x and y represent the number of times this connection
was selected in the regression, in all cross-validation folds. The maximum frequency value is equal to the number of
cross-validation folds. The color of the dots indicates the number of features with that particular selection frequency. In
these plots, dots representing features with similar frequencies in the two regression tasks lie close to the diagonal, while
dots representing features with different frequencies lie far from the diagonal.

Figure 3. Feature selection frequency for expertise and age prediction. The figure shows feature selection frequency for
(a) meditation expertise prediction and (b) age prediction for focused attention (x-axis) and open monitoring (y-axis)
meditation styles. Each dot represents a connection (feature), and the position coordinates x and y represent the number of
times this connection was selected in the regression, in all cross-validation folds. The maximum frequency value is equal to
the number of cross-validation folds. The color of the dots indicates the number of features with that particular selection
frequency. In these plots, dots representing features with similar frequencies in the two meditation styles lie close to the
diagonal, while dots representing features with different frequencies lie far from the diagonal.
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3.6. Prediction-Relevant Feature Weight Analysis

Next, we analyzed the model weights to evaluate which connections and nodes were
more predictive of meditation expertise and age in FA and OM meditation and to what
extent. We then restricted the analysis to those connections that were selected at least
in 95% of the trained models. For each connection, the weights were averaged across
cross-validation folds and z-scored.

We averaged and normalized the connection weights within and between networks
to have an integrated view of the contributions of each large-scale network, as shown in
Figure 4, for the prediction of expertise in FA (panel a) and OM (panel b) meditation and
for the prediction of age (panel c).

Figure 4. Within- and between-network contributions for different prediction tasks. (a) The average of connectivity weights
within and between networks for expertise prediction in FA meditation style and (b) OM style and (c) for age prediction in
both styles. These weights were obtained by extracting the weights learned by the model, averaging within and between
networks, then normalizing them using the z-score function. Straight lines represent within-network contributions, while
other lines represent between-network contributions.

We further plotted, in Figure 5, the normalized absolute weights of the ten most im-
portant nodes for the prediction of meditation expertise (Figure 5a,b) and for the prediction
of age in both meditation forms (Figure 5c,d).
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Figure 5. Normalized absolute weights of the nodes for different prediction tasks. The figure shows normalized absolute
weights for (a) expertise prediction in FA meditation style and (b) OM style and (c) for age prediction in FA style and
(d) OM style. These weights were obtained by extracting the absolute weights learned by the model, averaging across folds,
and then normalizing to have mean equal to 1 and standard deviation equal to 0. Finally, for each node, we averaged the
weights between connections that included that particular node.

In Figure 6 we plotted the contribution of the connections in the prediction of medita-
tion expertise in FA (panel a) and OM (panel b) meditation.

In Figure 7 we show the connections that were used to predict expertise (panel a) and
age (panel b) and those shared in both meditation styles; we chose those that were selected
95% of the time in the regression models.
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Figure 6. Meditation-specific weights of the expertise prediction model. The figure shows the normalized feature weights
of the expertise prediction model averaged across cross-validation folds. These weights are specific for expertise prediction
during (a) FA and (b) OM. A positive (red) weight indicates an increase of connectivity between nodes as the expertise
increases, while a negative (blue) weight indicates a decrease of connectivity as the expertise increases. The circle size shows
the absolute average weight of connections that include that specific node.

Figure 7. Connectivity weights shared across different meditation styles. The figure shows the normalized feature weights
of the predictive connectivities that are shared in the meditation styles. Weights were averaged across cross-validation folds.
These weights were learned by the model to predict (a) expertise and (b) age in both FA and OM meditation. The shown
connectivities are those chosen by the feature selection algorithm in at least 95% of the folds in both FA and OM meditation.
A positive (red) weight indicates an increase of connectivity between nodes as the expertise increases, while a negative
(blue) weight indicates a decrease of connectivity as the expertise increases. The circle size shows the absolute average
weight of the connections that include that specific node.
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4. Discussion

In this study, we investigated the modulation by meditation expertise and age on
patterns of functional brain connectivity in brain networks during FA and OM meditation
states.

We used pattern regression techniques to disentangle the influences of meditation
expertise and age. We want to point out that the primary goal of this study was to leverage
machine learning to investigate these effects and not to build a predictive model for
meditation expertise and age.

The results show that meditation expertise and age can be predicted with significant
accuracy from fMRI functional connectivity (FC) data recorded during meditation. The
results also highlight a long-term effect of the extensive practice of meditation on FC in
brain networks and shed light on the different contributions of meditation expertise and
age on brain FC in meditation.

We found that expertise-based patterns differed between FA and OM meditation forms,
while age-specific patterns were independent of the type of meditation. Specifically, the
stability of the connectivity patterns modulated by age, across different meditation styles,
suggests that the performed meditation moderately reorganizes age-specific connections,
providing further evidence of the stability of brain networks [51]. The meditation-specific
modulation of brain networks due to expertise demonstrates that long-term histories
of co-activation among meditation-specific regions strongly impact the organization of
brain networks [51], supporting the idea that connectivity profiles could predict cognitive
behavior [31].

4.1. Prediction of Meditation Expertise in FA

In our investigation of the relevant features for prediction of expertise in FA medita-
tion, we found an increase in connectivity associated with meditation expertise between
the left intraparietal sulcus (IPS)–angular gyrus (AngG) and the anterior cingulate cortex
(ACC), two brain regions that are involved in top-down attention and attentional con-
trol. In particular, the ACC is crucial for monitoring conflicts [52,53], such as the conflict
between focus on the meditation object and distractions, while the IPS and AngG are
directly involved in top-down attentional selection and sustained attention [4,54], two
other important facets of FA meditation.

In addition, the white matter fractional anisotropy of ACC has been shown to in-
crease in short-term meditators, suggesting an increased communication efficiency and
an improvement of attention monitoring skills [55]. The increase of the correlation of the
ACC with the IPS/AngG with an increase in expertise may reflect an efficient communi-
cation process for detecting distractions and reorienting attention, as in the proposed FA
model by Hasenkamp et al. (2012) [4]. We also observed that FA meditation is associated
with connections with a negative correlation with meditation expertise, including the
connection between the posterior cingulate cortex (PCC) and the left occipital gyrus, which
can be explained as a reduced occurrence of spontaneous thoughts and mental images
during sustained attention in FA [11,56] and as the well-established involvement of PCC
in mind wandering and stimulus-independent thought within the default mode network
(DMN) [57,58].

We also found a positive correlation of expertise with the connectivity of nodes in the
higher visual network, which is in line with studies that showed an increased involvement
of higher visual areas in expert meditators [37,59–61]. The reduced expertise-modulated
connectivity in nodes within the posterior salience network suggests that salient stimuli
may be dropped in favor of a narrow focus of awareness on a single object [62].

4.2. Prediction of Meditation Expertise in OM

In the model proposed by Vago and Zeidan (2016) [62], the fronto-parietal network
(FPN) and the ventral attention network play a key role in coordinating awareness and
monitoring of experience in the present moment during OM meditation. Results showed
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that the dorsomedial PFC, which is a core region of the FPN, has a high correlation with
the left Crus, a node implicated in emotional processing [63].

Our finding highlights the specific involvement of right caudate (RCau) in the OM
facet of meditation (Figure 3b), which is characterized by a wider conscious access to the
fields of experience. In addition, it has been demonstrated that expert meditators have
greater widespread FC of the RCau with several brain regions [64]. Here we found an
increased expertise-modulated connection of RCau with nodes in the Language Network,
the left angular gyrus (LAG), and left middle temporal gyrus, which can be associated with
an enhanced hub function of the caudate in multiple cognitive abilities [65].

Here we also found a negative connection weight between the right superior frontal
gyrus and the right premotor cortex, which can be related to the reduced enactment
(plausibly associated with the preparation of movement) of mental states (and in particular
negative emotions) in OM meditation with increased meditation expertise [1].

Finally, a high correlation of connectivity between the left and right hippocampus with
meditation expertise was shown, in line with the evidence of hippocampal involvement in
mindfulness meditation [2,5]. Moreover, the hippocampus is a key convergence zone in
the brain, integrating episodic information [66] and related emotional contents [1] as well
as enhancing processes of interoception [67].

Our results highlighted a set of connections used to predict expertise in both OM
and FA (Figure 7a). This shared pattern of connectivities may be related to common
aspects of these two styles, since both forms involve a narrow focus on the present-moment
experience and a detachment from reactivity and judgment patterns [62]; moreover, OM
meditation is often practiced after FA meditation [1].

In our analysis, the model revealed a high implication of the posterior insula, which
is involved in awareness of breath sensations [68,69] and is characterized by decreased
connections with the right thalamus and the LAG, which may be associated with the
prevention of broadcasting of thalamo-cortico-limbic signals associated with emotional
reactivity, with a potential interference during FA and OM forms [16].

We also found an increased connectivity between the LAG and the middle frontal
gyrus, which may be associated with the enhanced executive inhibition skills of meditators
and plausibly related to changes in fronto-parietal FC [70–72].

Interestingly, our analyses showed the importance of regions in the left hemisphere
in the prediction of expertise (Figures 6 and 7). This finding can be associated with the
hypothesis of leftward dominance of the brain in long-term meditators, which helps the
top-down regulation of brain processes and states [8]. This hypothesis is supported by
other findings by our group in the same set of subjects [10,11], in which the left brain
hemisphere was involved in terms of activation and neural couplings in both forms of
meditation. In addition, a meta-analysis and review highlighted the relevance of this
hemisphere in long-term meditators [73]. Finally, studies in long-term meditators showed
the prevalence of left regions for emotion processing [74,75] as well as structural changes
related to attentive [35] and executive regions [76] in the left hemisphere.

4.3. Prediction of Age

The analysis revealed that the caudate-thalamus connections within the basal ganglia
network have the highest importance for age prediction, which may be related with the
importance of these regions in practitioners of yoga and insight meditation [64].

Our findings also revealed that thalamic connections and insular regions are central
for the prediction of age from FA and OM meditation. This result appears consistent with
the aging effects on the white matter changes observed in long-term meditators in these
regions [77].

Further investigations should be performed to elucidate whether the age-specific
patterns of FC are related to the reduction of neurocognitive decline with aging due to
extensive meditation practice [78,79].
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4.4. Functional Connectivity Patterns at the Brain Network Level

As shown in Figure 4, the analysis at the brain network level reveals interesting
differential FC patterns related to expertise and age in FA and OM meditation forms.

In line with the analysis at the level of brain regions within and between networks,
fewer expertise-modulated connections were found in FA meditation as compared to OM
meditation.

We showed that functional connectivity in the posterior Salience Network (SN) was
strongly modulated by meditation expertise in both FA and OM meditation forms, in
terms of a reduced coupling, and by age (in both forms of meditation), in terms of an
increased coupling. The posterior SN areas, such as the posterior insula, may play the role
of key hubs in the regulation or modulation of sensory and feeling experiences, including
pain feeling [80], plausibly in terms of down-regulation of activation and its coupling in
meditative states [8,10,81]. The increased coupling within the posterior SN with age may
reflect a reduced selectivity of neural responses related to sensory and feeling experiences
of relevance in both FA and OM meditation forms. In OM meditation we also found an
increased expertise-related connectivity between the posterior SN and the visuospatial
network, which may be related to an enhanced conscious access to a range of sensory and
feeling experiences during OM meditation [1,16].

In FA meditation, results demonstrated an increased expertise-related connectivity
within the high visual network, as observed at the level of brain regions. This finding can
be associated with a spontaneous focused visualization (with closed eyes) called nimitta in
the Buddhist meditation tradition, which may arise during intense meditation [82].

The expertise-modulated connectivity pattern within and between brain networks in
OM meditation also includes an increased coupling within the RECN as well as between
this network and the language network. These enhanced functional connections may be
related to a controlled conscious (metacognitive or mindful) access to sensory and thought
contents arising during OM meditation, preventing judgments with affective valence as
well as mind wandering [1,2,6,83].

Expertise-related modulation of functional connectivity in OM meditation also in-
cluded the sensorimotor network, in terms of enhanced within-network connectivity, and
reduced connectivity with the dorsal DMN. The first effect may be related to an increased
conscious access to top-down regulation of perception and action during this form of
meditation [1,16], while the second may be related to the functional segregation between
(conscious) extrinsic sensorimotor processing and intrinsic mentation involving the dorsal
DMN [4].

Finally, age-related modulation in both FA and OM forms implied a decreased cou-
pling within the anterior SN, which may be explained by an age-related reduced efficiency
in this network [84]. The increased FC between the basal ganglia and the auditory network
may be explained by the effect of higher interference of auditory experiences, related to the
fMRI-acoustic noise in our experiment. An increase in the striatal connectivity with the
auditory cortex has also been found in tinnitus [85].

A limitation of our study is the small sample size used [86]. The vast majority of
meditation studies involving long-term meditators used tens of subjects [2]; however,
recently it has been found that a limited sample size can reveal the general principle of
brain functioning more productively [87]. Several studies have used a comparable sample
size for predictive analyses [37,88–91], also using highly non-linear models [92]. In addition,
the robustness of the statistical analysis and the cross-validation schema [43] suggests that
the conclusions are not over-inflated.

5. Conclusions

Our study demonstrated that fMRI connectivity patterns within and between brain
networks can differentially predict meditation expertise and age of long-term meditators,
with different patterns in FA and OM meditation forms. Using machine learning techniques,
we showed that the connectivity patterns that predicted meditation expertise depended
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on the meditation style, while age-predictive patterns were the same for both meditation
styles. In conclusion, these findings suggest that connectivity patterns in brain networks
are differentially shaped by meditation expertise and age, with differential influences of
focused attention and open monitoring meditation forms, confirming the specificity of
the mental (cognitive and emotion regulation) processes involved in these main forms of
meditation [12].

Supplementary Materials: The following are available online at https://www.mdpi.com/article/
10.3390/brainsci11081086/s1, Table S1: List of selected ROIs, Figure S1: Differential connectivities
between meditators and control group, Figure S2: Feature selection frequency for expertise and age
prediction in control analysis.
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49. Snoek, L.; Miletić, S.; Scholte, H. How to control for confounds in decoding analyses of neuroimaging data. NeuroImage 2019,
184, 741–760. [CrossRef]

50. Bron, E.E.; Smits, M.; van der Flier, W.; Vrenken, H.; Barkhof, F.; Scheltens, P.; Papma, J.M.; Steketee, R.; Orellana, C.M.;
Meijboom, R.; et al. Standardized evaluation of algorithms for computer-aided diagnosis of dementia based on structural MRI:
The CADDementia challenge. NeuroImage 2015, 111, 562–579. [CrossRef] [PubMed]

51. Gratton, C.; Laumann, T.O.; Nielsen, A.N.; Greene, D.; Gordon, E.; Gilmore, A.W.; Nelson, S.M.; Coalson, R.S.; Snyder, A.Z.;
Schlaggar, B.L.; et al. Functional Brain Networks Are Dominated by Stable Group and Individual Factors, Not Cognitive or Daily
Variation. Neuron 2018, 98, 439–452. [CrossRef] [PubMed]

52. Botvinick, M.M.; Braver, T.S.; Barch, D.M.; Carter, C.S.; Cohen, J.D. Conflict monitoring and cognitive control. Psychol. Rev. 2001,
108, 624. [CrossRef] [PubMed]

53. Petersen, S.E.; Posner, M.I. The Attention System of the Human Brain: 20 Years After. Annu. Rev. Neurosci. 2012, 35, 73–89.
[CrossRef]

54. Thakral, P.P.; Slotnick, S.D. The role of parietal cortex during sustained visual spatial attention. Brain Res. 2009, 1302, 157–166.
[CrossRef]

55. Lee, T.M.C.; Leung, M.-K.; Hou, W.-K.; Tang, J.C.Y.; Yin, J.; So, K.-F.; Lee, C.-F.; Chan, C.C.H. Distinct Neural Activity Associated
with Focused-Attention Meditation and Loving-Kindness Meditation. PLoS ONE 2012, 7, e40054. [CrossRef]

56. Brewer, J.A.; Garrison, K.A. The posterior cingulate cortex as a plausible mechanistic target of meditation: Findings from
neuroimaging. Ann. N. Y. Acad. Sci. 2013, 1307, 19–27. [CrossRef] [PubMed]

57. Greicius, M.D.; Krasnow, B.; Reiss, A.L.; Menon, V. Functional connectivity in the resting brain: A network analysis of the default
mode hypothesis. Proc. Natl. Acad. Sci. USA 2003, 100, 253–258. [CrossRef]

58. Pagnoni, G. Dynamical Properties of BOLD Activity from the Ventral Posteromedial Cortex Associated with Meditation and
Attentional Skills. J. Neurosci. 2012, 32, 5242–5249. [CrossRef] [PubMed]

59. Hasenkamp, W.; Barsalou, L.W. Effects of Meditation Experience on Functional Connectivity of Distributed Brain Networks.
Front. Hum. Neurosci. 2012, 6, 38. [CrossRef]

60. Xu, J.; Vik, A.; Groote, I.R.; Lagopoulos, J.; Holen, A.; Ellingsen, Ø.; Håberg, A.K.; Davanger, S. Nondirective meditation activates
default mode network and areas associated with memory retrieval and emotional processing. Front. Hum. Neurosci. 2014, 8, 86.
[CrossRef] [PubMed]

61. Berkovich-Ohana, A.; Harel, M.; Hahamy, A.; Arieli, A.; Malach, R. Alterations in task-induced activity and resting-state
fluctuations in visual and DMN areas revealed in long-term meditators. NeuroImage 2016, 135, 125–134. [CrossRef]

62. Vago, D.R.; Zeidan, F. The brain on silent: Mind wandering, mindful awareness, and states of mental tranquility. Ann. N. Y. Acad.
Sci. 2016, 1373, 96–113. [CrossRef]

63. Stoodley, C.J. The Cerebellum and Cognition: Evidence from Functional Imaging Studies. Cerebellum 2012, 11, 352–365. [CrossRef]
64. Gard, T.; Taquet, M.; Dixit, R.; Hãlzel, B.K.; Dickerson, B.C.; Lazar, S.W.; Hölzel, B.K. Greater widespread functional connectivity

of the caudate in older adults who practice kripalu yoga and vipassana meditation than in controls. Front. Hum. Neurosci. 2015,
9, 137. [CrossRef]

65. Graff-Radford, J.; Williams, L.; Jones, D.T.; Benarroch, E.E. Caudate nucleus as a component of networks controlling behavior.
Neurology 2017, 89, 2192–2197. [CrossRef]

66. Eichenbaum, H. Hippocampus. Neuron 2004, 44, 109–120. [CrossRef] [PubMed]

http://doi.org/10.1093/cercor/bhr099
http://doi.org/10.1109/42.906424
http://doi.org/10.1016/j.neuroimage.2011.10.018
http://doi.org/10.1101/646802
http://doi.org/10.1016/j.neuroimage.2016.10.038
http://www.ncbi.nlm.nih.gov/pubmed/27989847
http://doi.org/10.1016/j.neuroimage.2008.11.007
http://www.ncbi.nlm.nih.gov/pubmed/19070668
http://doi.org/10.1002/hbm.1058
http://doi.org/10.1038/s41592-019-0686-2
http://doi.org/10.1016/j.neuroimage.2013.10.067
http://doi.org/10.1016/j.neuroimage.2018.09.074
http://doi.org/10.1016/j.neuroimage.2015.01.048
http://www.ncbi.nlm.nih.gov/pubmed/25652394
http://doi.org/10.1016/j.neuron.2018.03.035
http://www.ncbi.nlm.nih.gov/pubmed/29673485
http://doi.org/10.1037/0033-295X.108.3.624
http://www.ncbi.nlm.nih.gov/pubmed/11488380
http://doi.org/10.1146/annurev-neuro-062111-150525
http://doi.org/10.1016/j.brainres.2009.09.031
http://doi.org/10.1371/journal.pone.0040054
http://doi.org/10.1111/nyas.12246
http://www.ncbi.nlm.nih.gov/pubmed/24033438
http://doi.org/10.1073/pnas.0135058100
http://doi.org/10.1523/JNEUROSCI.4135-11.2012
http://www.ncbi.nlm.nih.gov/pubmed/22496570
http://doi.org/10.3389/fnhum.2012.00038
http://doi.org/10.3389/fnhum.2014.00086
http://www.ncbi.nlm.nih.gov/pubmed/24616684
http://doi.org/10.1016/j.neuroimage.2016.04.024
http://doi.org/10.1111/nyas.13171
http://doi.org/10.1007/s12311-011-0260-7
http://doi.org/10.3389/fnhum.2015.00137
http://doi.org/10.1212/WNL.0000000000004680
http://doi.org/10.1016/j.neuron.2004.08.028
http://www.ncbi.nlm.nih.gov/pubmed/15450164


Brain Sci. 2021, 11, 1086 17 of 17

67. Dudley, L.; Stevenson, R.J. Interoceptive awareness and its relationship to hippocampal dependent processes. Brain Cogn. 2016,
109, 26–33. [CrossRef] [PubMed]

68. Marchand, W.R. Neural mechanisms of mindfulness and meditation: Evidence from neuroimaging studies. World J. Radiol. 2014,
6, 471–479. [CrossRef]

69. Kuehn, E.; Mueller, K.; Lohmann, G.; Schuetz-Bosbach, S. Interoceptive awareness changes the posterior insula functional
connectivity profile. Brain Struct. Funct. 2016, 221, 1555–1571. [CrossRef] [PubMed]

70. Seghier, M.L. The Angular Gyrus: Multiple Functions and Multiple Subdivisions. Neuroscientist 2012, 19, 43–61. [CrossRef]
71. D’Andrea, A.; Chella, F.; Marshall, T.R.; Pizzella, V.; Romani, G.L.; Jensen, O.; Marzetti, L. Alpha and alpha-beta phase

synchronization mediate the recruitment of the visuospatial attention network through the Superior Longitudinal Fasciculus.
NeuroImage 2019, 188, 722–732. [CrossRef]

72. Marshall, T.R.; Bergmann, T.O.; Jensen, O. Frontoparietal Structural Connectivity Mediates the Top-Down Control of Neuronal
Synchronization Associated with Selective Attention. PLoS Biol. 2015, 13, e1002272. [CrossRef]

73. Fox, K.C.; Dixon, M.L.; Nijeboer, S.; Girn, M.; Floman, J.L.; Lifshitz, M.; Ellamil, M.; Sedlmeier, P.; Christoff, K. Functional
neuroanatomy of meditation: A review and meta-analysis of 78 functional neuroimaging investigations. Neurosci. Biobehav. Rev.
2016, 65, 208–228. [CrossRef]

74. Davidson, R.J. Emotion and Affective Style: Hemispheric Substrates. Psychol. Sci. 1992, 3, 39–43. [CrossRef]
75. Davidson, R.J.; Kabat-Zinn, J.; Schumacher, J.; Rosenkranz, M.; Muller, D.; Santorelli, S.F.; Urbanowski, F.; Harrington, A.;

Bonus, K.; Sheridan, J. Alterations in Brain and Immune Function Produced by Mindfulness Meditation. Psychosom. Med. 2003,
65, 564–570. [CrossRef] [PubMed]

76. Kurth, F.; MacKenzie-Graham, A.; Toga, A.W.; Luders, E. Shifting brain asymmetry: The link between meditation and structural
lateralization. Soc. Cogn. Affect. Neurosci. 2015, 10, 55–61. [CrossRef] [PubMed]

77. Elaneri, D.; Eschuster, V.; Edietsche, B.; Ejansen, A.; Eott, U.; Esommer, J. Effects of Long-Term Mindfulness Meditation on Brain’s
White Matter Microstructure and its Aging. Front. Aging Neurosci. 2016, 7, 254. [CrossRef]

78. Farb, N.A.S.; Segal, Z.V.; Anderson, A.K. Mindfulness meditation training alters cortical representations of interoceptive attention.
Soc. Cogn. Affect. Neurosci. 2013, 8, 15–26. [CrossRef]

79. Pickut, B.A.; Van Hecke, W.; Kerckhofs, E.; Mariën, P.; Vanneste, S.; Cras, P.; Parizel, P.M. Mindfulness based intervention in
Parkinson’s disease leads to structural brain changes on MRI. Clin. Neurol. Neurosurg. 2013, 115, 2419–2425. [CrossRef]

80. Segerdahl, A.R.; Mezue, M.; Okell, T.; Farrar, J.T.; Tracey, I. The dorsal posterior insula subserves a fundamental role in human
pain. Nat. Neurosci. 2015, 18, 499–500. [CrossRef]

81. Lehmann, D.; Faber, P.L.; Tei, S.; Pascual-Marqui, R.D.; Milz, P.; Kochi, K. Reduced functional connectivity between cortical
sources in five meditation traditions detected with lagged coherence using EEG tomography. NeuroImage 2012, 60, 1574–1586.
[CrossRef]

82. Polak, G. Reexamining Jhāna: Towards a Critical Reconstruction of Early Buddhist Soteriology, 1st ed.; UMCS: Lublin, Poland, 2011.
83. Giannandrea, A.; Simione, L.; Pescatori, B.; Ferrell, K.; Belardinelli, M.O.; Hickman, S.D.; Raffone, A. Effects of the Mindfulness-

Based Stress Reduction Program on Mind Wandering and Dispositional Mindfulness Facets. Mindfulness 2018, 10, 185–195.
[CrossRef]

84. Touroutoglou, A.; Zhang, J.; Andreano, J.M.; Dickerson, B.C.; Barrett, L.F. Dissociable Effects of Aging on Salience Subnetwork
Connectivity Mediate Age-Related Changes in Executive Function and Affect. Front. Aging Neurosci. 2018, 10, 410. [CrossRef]

85. Hinkley, L.B.; Mizuiri, D.; Hong, O.; Nagarajan, S.S.; Cheung, S.W. Increased striatal functional connectivity with auditory cortex
in tinnitus. Front. Hum. Neurosci. 2015, 9, 568. [CrossRef]

86. Cui, Z.; Gong, G. The effect of machine learning regression algorithms and sample size on individualized behavioral prediction
with functional connectivity features. NeuroImage 2018, 178, 622–637. [CrossRef] [PubMed]

87. Naselaris, T.; Allen, E.; Kay, K. Extensive sampling for complete models of individual brains. Curr. Opin. Behav. Sci. 2021,
40, 45–51. [CrossRef]

88. Baldassarre, A.; Lewis, C.; Committeri, G.; Snyder, A.Z.; Romani, G.L.; Corbetta, M. Individual variability in functional
connectivity predicts performance of a perceptual task. Proc. Natl. Acad. Sci. USA 2012, 109, 3516–3521. [CrossRef] [PubMed]

89. Rosenberg, M.D.; Finn, E.S.; Scheinost, D.; Papademetris, X.; Shen, X.; Constable, R.; Chun, M. A neuromarker of sustained
attention from whole-brain functional connectivity. Nat. Neurosci. 2016, 19, 165–171. [CrossRef] [PubMed]

90. Salice, S.; Esposito, R.; Ciavardelli, D.; Pizzi, S.D.; Di Bastiano, R.; Tartaro, A. Combined 3 Tesla MRI Biomarkers Improve the
Differentiation between Benign vs Malignant Single Ring Enhancing Brain Masses. PLoS ONE 2016, 11, e0159047. [CrossRef]
[PubMed]

91. Yamashita, M.; Yoshihara, Y.; Hashimoto, R.; Yahata, N.; Ichikawa, N.; Sakai, Y.; Yamada, T.; Matsukawa, N.; Okada, G.; Tanaka,
S.C.; et al. A prediction model of working memory across health and psychiatric disease using whole-brain functional connectivity.
eLife 2018, 7, e38844. [CrossRef] [PubMed]

92. Chiarelli, A.M.; Bianco, F.; Perpetuini, D.; Bucciarelli, V.; Filippini, C.; Cardone, D.; Zappasodi, F.; Gallina, S.; Merla, A. Data-
driven assessment of cardiovascular ageing through multisite photoplethysmography and electrocardiography. Med. Eng. Phys.
2019, 73, 39–50. [CrossRef] [PubMed]

http://doi.org/10.1016/j.bandc.2016.08.005
http://www.ncbi.nlm.nih.gov/pubmed/27643947
http://doi.org/10.4329/wjr.v6.i7.471
http://doi.org/10.1007/s00429-015-0989-8
http://www.ncbi.nlm.nih.gov/pubmed/25613901
http://doi.org/10.1177/1073858412440596
http://doi.org/10.1016/j.neuroimage.2018.12.056
http://doi.org/10.1371/journal.pbio.1002272
http://doi.org/10.1016/j.neubiorev.2016.03.021
http://doi.org/10.1111/j.1467-9280.1992.tb00254.x
http://doi.org/10.1097/01.PSY.0000077505.67574.E3
http://www.ncbi.nlm.nih.gov/pubmed/12883106
http://doi.org/10.1093/scan/nsu029
http://www.ncbi.nlm.nih.gov/pubmed/24643652
http://doi.org/10.3389/fnagi.2015.00254
http://doi.org/10.1093/scan/nss066
http://doi.org/10.1016/j.clineuro.2013.10.002
http://doi.org/10.1038/nn.3969
http://doi.org/10.1016/j.neuroimage.2012.01.042
http://doi.org/10.1007/s12671-018-1070-5
http://doi.org/10.3389/fnagi.2018.00410
http://doi.org/10.3389/fnhum.2015.00568
http://doi.org/10.1016/j.neuroimage.2018.06.001
http://www.ncbi.nlm.nih.gov/pubmed/29870817
http://doi.org/10.1016/j.cobeha.2020.12.008
http://doi.org/10.1073/pnas.1113148109
http://www.ncbi.nlm.nih.gov/pubmed/22315406
http://doi.org/10.1038/nn.4179
http://www.ncbi.nlm.nih.gov/pubmed/26595653
http://doi.org/10.1371/journal.pone.0159047
http://www.ncbi.nlm.nih.gov/pubmed/27410226
http://doi.org/10.7554/eLife.38844
http://www.ncbi.nlm.nih.gov/pubmed/30526859
http://doi.org/10.1016/j.medengphy.2019.07.009
http://www.ncbi.nlm.nih.gov/pubmed/31358395

	Introduction 
	Materials and Methods 
	Participants 
	Experimental Design 
	Data Acquisition and Preprocessing 
	Functional Connectivity Analysis 
	Registration and ROI Definition 
	Multivariate Pattern Regression 
	Relevant Feature Analysis 
	Control Analysis for Confound Effects 
	Control Analyses in a Novice Group 

	Results 
	Prediction of Years of Meditation Expertise 
	Prediction of Age 
	Control Analyses for the Confounding Effect 
	Control Analyses in the Control Group 
	Feature Selection Frequency 
	Prediction-Relevant Feature Weight Analysis 

	Discussion 
	Prediction of Meditation Expertise in FA 
	Prediction of Meditation Expertise in OM 
	Prediction of Age 
	Functional Connectivity Patterns at the Brain Network Level 

	Conclusions 
	References

