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Extensive evidence suggests that frontoparietal regions can dynamically update their pattern of functional connectivity, supporting
cognitive control and adaptive implementation of task demands. However, it is largely unknown whether this flexibly functional recon-
figuration is intrinsic and occurs even in the absence of overt tasks. Based on recent advances in dynamics of resting-state functional
resonance imaging (fMRI), we propose a probabilistic framework in which dynamic reconfiguration of intrinsic functional connectivity
between each brain region and others can be represented as a probability distribution. A complexity measurement (i.e., entropy) was used
to quantify functional flexibility, which characterizes heterogeneous connectivity between a particular region and others over time.
Following this framework, we identified both functionally flexible and specialized regions over the human life span (112 healthy subjects
from 13 to 76 years old). Across brainwide regions, we found regions showing high flexibility mainly in the higher-order association
cortex, such as the lateral prefrontal cortex (LPFC), lateral parietal cortex, and lateral temporal lobules. In contrast, visual, auditory, and
sensory areas exhibited low flexibility. Furthermore, we observed that flexibility of the right LPFC improved during maturation and
reduced due to normal aging, with the opposite occurring for the left lateral parietal cortex. Our findings reveal dissociable changes of
frontal and parietal cortices over the life span in terms of inherent functional flexibility. This study not only provides a new framework to
quantify the spatiotemporal behavior of spontaneous brain activity, but also sheds light on the organizational principle behind changes
in brain function across the human life span.
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Introduction
Humans are unrivaled in their capacity to adaptively implement
a wide variety of goal-directed tasks (Miller and Cohen, 2001;

Cole et al., 2011; Heinzle et al., 2012). Emerging evidence suggests
that the flexible hubs of the frontoparietal network can dynami-
cally update their pattern of global functional connectivity, sup-
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Significance Statement

Recent neuroscientific research has demonstrated that the human capability of adaptive task control is primarily the result of the
flexible operation of frontal brain networks. However, it remains unclear whether this flexibly functional reconfiguration is
intrinsic and occurs in the absence of an overt task. In this study, we propose a probabilistic framework to quantify the functional
flexibility of each brain region using resting-state fMRI. We identify regions showing high flexibility mainly in the higher-order
association cortex. In contrast, primary and unimodal visual and sensory areas show low flexibility. On the other hand, our
findings reveal dissociable changes of frontal and parietal cortices in terms of inherent functional flexibility over the life span.
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porting implementation adaptive to task demands (Cole et al.,
2012, 2013a,b; Spielberg et al., 2015). Functional flexibility of
frontal-related brain networks has been further substantiated
during working memory processes and learning (Bassett et al.,
2011; Braun et al., 2015). However, it is largely unknown whether
this flexibly functional reconfiguration is intrinsic, occurring in
the absence of overt tasks. Moreover, whether and how these
functionally flexible regions change across the human life span
remains unknown.

Resting-state functional magnetic resonance imaging (fMRI) is
widely used to examine spontaneous brain activity (Biswal et al.,
1995; Fox and Raichle, 2007; Friston, 2011). By means of this tech-
nique, intrinsic connectivity networks such as the sensorimotor, ex-
ecutive control, and default mode networks have been consistently
identified as fundamental, organizational components of brain
function (Zhang and Raichle, 2010; Laird et al., 2011; Power et al.,
2014). However, this intrinsic network organization is often pre-
sumed to be stationary, typically obtained by averaged correlations
of BOLD (blood-oxygenation level dependent) signal fluctuations
across a whole scanning session (e.g., 5–10 min).

The brain has been described as intrinsically active, rather
than passively stimulus-driven (Engel et al., 2013). Extensive re-
search suggests that dynamical organization of ongoing brain
activity is endowed with meaningful spatiotemporal structure,
enabling the expression of a rich, flexible repertoire of functional
configurations (Deco et al., 2011, 2013; Park and Friston, 2013;
Barttfeld et al., 2015; Hansen et al., 2015; Shen et al., 2015). Fur-
ther understanding of this functional organization requires an
integrated framework linking brain connectivity to brain dynam-
ics (Liu and Duyn, 2013; Kopell et al., 2014). Therefore, dynamic
functional connectivity, which emphasizes the spatiotemporal
behavior of intrinsic brain activity, has recently garnered in-
creased attention (Chang and Glover, 2010; Kiviniemi et al.,
2011; Jones et al., 2012; Hutchison et al., 2013a; Zalesky et al.,
2014; Karahanoğlu and Van De Ville, 2015; de Pasquale
et al., 2015; for review, see Hutchison et al., 2013b; Calhoun et al.,
2014). The sliding window is commonly used to identify discrete,
reproducible functional states (Allen et al., 2014; Barttfeld et al.,
2015; Hansen et al., 2015; Shen et al., 2015) or quantify time-
varying topological properties of brain functional networks (Za-
lesky et al., 2014; Liao et al., 2015) over the duration of the scan,
and is currently one of the most popular approaches. It is per-
formed by evaluating functional connectivity within a time win-
dow of fixed length, then shifting this window in time. However,
studies using mathematical modeling to quantify the flexibility of
intrinsic brain organization are scarce.

In this study, we proposed a probabilistic framework in which
dynamic reconfiguration of intrinsic functional connectivity be-
tween each brain region and all others can be represented as a
probability distribution. A complexity measurement (i.e., en-
tropy) was then applied to quantify functional flexibility, which
characterizes heterogeneous connectivity between a particular
region and others over time. Following this framework, we quan-
tified the inherent flexibility of each brain region across the hu-
man life span (112 healthy subjects from 13 to 76 years old) using
resting-state fMRI. On one hand, we hypothesized that frontopa-
rietal areas would exhibit high flexibility, while unimodal areas
such as visual and sensory cortices may demonstrate low flexibil-
ity. On the other hand, because the human association cortex,
particularly in prefrontal cortex, is late developing and undergoes
reorganization in both function and structure throughout matu-
ration (Fuster, 2002; Gogtay et al., 2004; Casey et al., 2005; Fair et
al., 2007) and normal aging (Head et al., 2004; Hedden and Ga-

brieli, 2004; Turner and Spreng, 2012; Li et al., 2015), we expected
to find changes in functional flexibility in frontoparietal regions
over the human life span.

Materials and Methods
Participants. We recruited 112 right-handed healthy subjects (67 males)
over the age range 13–76 years (median age, 32 years). The degree of
education is from 0 to 23 years (median, 9 years). A portion of adoles-
cents and older subjects were selected from healthy control samples of
our previous resting-state fMRI studies on stroke (Yin et al., 2014) and
adolescent anxiety disorder (Liu et al., 2015). All participants were
screened to ensure they had no history of neurological or psychiatric
disorders. Informed consent was obtained from all subjects or their
guardians. Handedness was evaluated by the Edinburgh Handedness In-
ventory (Oldfield, 1971). This study was approved by the Ethics Com-
mittee of the Institute of Neuroscience, Chinese Academy of Sciences
(Shanghai, China).

Table 1. ROIs for constructing the functional brain network

ROI number Region Abbreviation

1/2 Precentral gyrus PreCG
3/4 Superior frontal gyrus (dorsal) SFGdor
5/6 Orbitofrontal cortex (superior) ORBsup
7/8 Middle frontal gyrus MFG
9/10 Orbitofrontal cortex (middle) ORBmid

11/12 Inferior frontal gyrus (opercular) IFGoperc
13/14 Inferior frontal gyrus (triangular) IFGtriang
15/16 Orbitofrontal cortex (inferior) ORBinf
17/18 Rolandic operculum ROL
19/20 Supplementary motor area SMA
21/22 Olfactory OLF
23/24 Superior frontal gyrus (medial) SFGmed
25/26 Orbitofrontal cortex (medial) ORBmed
27/28 Rectus gyrus REC
29/30 Insula INS
31/32 Anterior cingulate gyrus ACG
33/34 Middle cingulate gyrus MCG
35/36 Posterior cingulate gyrus PCG
37/38 Hippocampus HIP
39/40 Parahippocampal gyrus PHG
41/42 Amygdala AMYG
43/44 Calcarine cortex CAL
45/46 Cuneus CUN
47/48 Lingual gyrus LING
49/50 Superior occipital gyrus SOG
51/52 Middle occipital gyrus MOG
53/54 Inferior occipital gyrus IOG
55/56 Fusiform gyrus FFG
57/58 Postcentral gyrus PoCG
59/60 Superior parietal gyrus SPG
61/62 Inferior parietal lobule IPL
63/64 Supramarginal gyrus SMG
65/66 Angular gyrus ANG
67/68 Precuneus PCUN
69/70 Paracentral lobule PCL
71/72 Caudate CAU
73/74 Putamen PUT
75/76 Pallidum PAL
77/78 Thalamus THA
79/80 Heschl gyrus HES
81/82 Superior temporal gyrus STG
83/84 Temporal pole (superior) TPOsup
85/86 Middle temporal gyrus MTG
87/88 Temporal pole (middle) TPOmid
89/90 Inferior temporal gyrus ITG

The regions are defined in the Automated Anatomical Labeling (AAL-90) template. Odd numbers denote regions in
the left hemisphere, and even numbers denote regions in right hemisphere.
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Data acquisition. Scanning was performed on a Siemens Trio 3.0 Tesla
MRI scanner. All participants underwent both functional and structural
MRI. Resting-state fMRI scans of the whole brain were acquired using a
T2*-weighted EPI (echoplanar imaging) sequence: repetition time (TR),
2000 ms; echo time (TE), 30 ms; 30 axial slices; thickness, 4 mm; gap, 0.8 mm;
field of view (FOV), 220 � 220 mm; matrix, 64 � 64; and 220 volumes.
High-resolution T1-weighted images used a magnetization prepared rapid
gradient echo sequence: 192 slices per slab; thickness, 1 mm; gap, 0.5 mm;
TR, 1900 ms; TE, 3.42 ms; inversion time, 900 ms; FOV, 240 � 240 mm; and
matrix, 256 � 256. To screen out organic lesions, T2-weighted images were
also collected using a turbo-spin-echo sequence: 30 axial slices; thickness, 5
mm; TR, 6000 ms; TE, 93 ms; FOV, 220 � 220 mm; and matrix, 320 � 320.
Subjects did not perform any explicit task before the resting scan. During the
resting-state scan, participants were instructed to stay awake but relaxed,
with their eyes closed, remain motionless, and refrain from thinking about
anything in particular.

MRI data preprocessing. We performed preprocessing of the fMRI data
using Statistical Parametric Mapping (SPM8; http://www.fil.ion.ucl.ac.
uk/spm) and Data Processing Assistant for Resting-State fMRI (Yan and
Zang, 2010) software. The first 10 volumes were discarded for signal
equilibrium and to allow participants’ adaption to the scanning environ-
ment. The remaining data (210 volumes for each subject) were corrected
for delay in slice acquisition and rigid-body head movement. (For previ-
ously collected data with 240 volumes in total, we discarded the last 20
volumes to retain identical time points across subjects.) The corrected
data were spatially normalized to the MNI (Montreal Neurological Insti-
tute) space using a unified segmentation algorithm (Ashburner and Fris-
ton, 2005) and resampled to 3 mm isotropic voxels. Spatial smoothing
was subsequently conducted using an isotropic Gaussian filter at full-

width at a half-maximum of 8 mm. Linear trends were further removed,
and the data were then temporally bandpass filtered (0.01– 0.08 Hz).
Finally, several confounding factors were regressed out as covariates us-
ing multiple linear regression, including six head-motion parameters,
CSF, and white matter (WM). The residual time series were used for
further analysis. Regression of global signal was not performed, which
may distort correlation matrices, particularly for sliding window analysis
(Saad et al., 2012; Shen et al., 2015).

All participants included in this study exhibited a maximum displacement
of �3 mm in each direction and rotation of �3°for each axis during resting-
state scan. To correct the possible contaminating effects of slight head mo-
tion on the intrinsic functional connectivity network (Power et al., 2012; Van
Dijk et al., 2012; Yan et al., 2013; Hutchison and Morton, 2015), head motion
M was calculated separately for each participant as the averaged root mean
square of the three translations and three rotations:

M �
1

L � 1 �
i�2

L

� ��xi � xi�1�2 � �yi � yi�1�2 � �zi � zi�1�2 � �ri � ri�1�2

� �pi � pi�1�2 � �qi � qi�1�2

where L is the length of the time series; xi, yi, and zi are translations; and
ri, pi, and qi are rotations at the ith time point, respectively (Liu et al.,
2008; Hutchison and Morton, 2015). In consideration of changes in
brain volume throughout the human life span, we also evaluated total
volume of gray matter (GM) and WM using voxel-based morphometry
(Ashburner and Friston, 2000) implemented in SPM8 software. Both

Figure 1. Illustration of the probabilistic model. A, Dynamic functional connectivity matrices at different sliding windows for one participant (here using the AAL-90 atlas). The axes denote ROIs,
which are listed in Table 1. The color bar denotes the Pearson correlation coefficients. B, The functional connectivity patterns for a given ROI i at different sliding windows. We used a local thresholding
method that reserves its k (k � 5 shown here) strongest functional connections (red lines) at each time window. C, The probability distribution Pi( j . . . n) reflects the frequency of each connection
with i emerged across the temporal windows. A complexity measure (i.e., entropy Hi) was then applied to this probability distribution to quantify functional flexibility of region i.
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head motion and total volume of GM and WM were used as covariates in
the following multiple regression analysis.

Dynamic functional connectivity analysis. For each subject, dynamic
functional connectivity was estimated using the sliding window ap-
proach (Chang and Glover, 2010; Kiviniemi et al., 2011; Jones et al., 2012;
Hutchison et al., 2013a; Allen et al., 2014; Zalesky et al., 2014; Liao et al.,
2015). We divided the human brain into 90 regions of interest (ROIs)
according to the commonly used Automated Anatomical Labeling (AAL-
90) template (Tzourio-Mazoyer et al., 2002; Zalesky et al., 2014;
Karahanoğlu and Van De Ville, 2015). The definition and abbreviation of
each ROI is listed in Table 1. The AAL atlas is based on anatomical
structure, with different sizes for each ROI. Considering the potential
effects of parcellation on functional connectivity analysis (Wang et al.,
2009; de Reus and van den Heuvel, 2013), we confirmed the reliability of
our main findings using a parcellation scheme entailing another 264
putative functional areas (Power-264, spherical ROIs with the same size;
Power et al., 2011). The time series of each ROI for a given parcellation
was obtained by averaging the residual time courses of all voxels within
the ROI. We then used a tapered window, created by convolving a rect-
angle (width, 22; TRs, 44 s) with a Gaussian curve (� � 3 TRs) and slid in
steps of 1 TR (Allen et al., 2014), resulting in W � 188 windows in total
(210 time points for each subject). The window size was selected based on

the guidance that it should correspond to the
lower limit of frequency content of signal (win-
dow length, �0.5/flower � 50 s; here, flower �
0.01 Hz; Sakoğlu et al., 2010). If the chosen
window size is too lengthy, fast changes can no
longer be modeled. Contrarily, there is insuffi-
cient information for the characterization of
brain activity for time segments that are too short.
In the main analysis, we used a window length of
44 s following previous studies (Sakoğlu et al.,
2010; Allen et al., 2014). However, so far, there is
no universally accepted criterion for window se-
lection. For example, recent analyses of simulated
data suggest that longer window lengths (no
shorter than 1/flower of the signal of interest, i.e.,
100 s for the current data) are needed to avoid
spurious fluctuations in correlation strength
(Lindquist et al., 2014; Leonardi and Van De
Ville, 2015). Therefore, a larger window length
(i.e., 100 s) was also applied for validation of our
main findings.

For a given time window (Wt), a symmetric
N � N (N � 90 for the AAL-90 template and
N � 264 for the Power-264 parcellation) dy-
namic functional connectivity matrix Rt was
generated, and elements of the matrix, rij, repre-
sent the Pearson’s correlation coefficient between
the time courses of two ROIs, i and j. Dynamic
functional connectivity matrices were thus ob-
tained for each participant (Fig. 1A).

Probabilistic modeling of dynamic functional
connectivity. We conducted probabilistic mod-
eling for dynamic functional connectivity. For
each brain region i, we reserved its k strongest
functional connections at each sliding window,
following a local thresholding method
(Alexander-Bloch et al., 2010); that is, the top k
connections were set as 1, and the others were
set as 0 (Fig. 1B), so that results are not biased
according to the number of connections a
brain region has. Moreover, functional brain
networks have been regarded as sparse, and
weak correlations may represent spurious con-
nectivity (Rubinov and Sporns, 2010; Kaiser,
2011). Thus, the normalized probability distri-
bution Pi( j . . . n) for a given brain region i was
computed as follows (Fig. 1C):

Pi� j� �
n�cij�

k � w
, j � 1, 2, . . ., N, and j � i,

where n(cij) denotes how many times the connection between i and j
emerged across temporal windows, k is a predefined threshold indicating
number of the strongest connections reserved for region i at each time win-
dow, w denotes number of temporal windows, and Pi( j) denotes the prob-
ability of occurrence for the connection between regions i and j across all
temporal windows. The greater the value of Pi( j), the more frequent the
interaction between region i and j across the temporal windows, and vice
versa.

Subsequently, a complexity measure (i.e., Shannon entropy) was ap-
plied to the probability distribution of each brain region i:

Hi � � �
j�1

N

Pi� j� � log2Pi� j�.

Entropy has been used previously to characterize the heterogeneity of
neural networks (Tononi et al., 1994; Zamora-López et al., 2011). Here,
Hi was used to quantify functional flexibility, which characterizes heter-
ogeneous connectivity between region i and others over time. A higher
value of Hi indicates greater functional flexibility, and vice versa.

Figure 2. A, The matrix of normalized entropy for each brain region at different threshold k. Regions in the frontal, parietal, and
temporal lobes display higher entropy, In contrast, regions in the visual cortex exhibit lower entropy. B, The contrast, consistency,
and sum of the two metrics at each threshold k were also computed. The thick black arrow indicates the optimal threshold (k � 3)
used in this study.
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To identify an optimal threshold k for the model, we first calculated the
entropy for each brain region across a wide range of k (from 1 to 10 with
an increased interval of 1). For the purpose of visualization, we present
the normalized entropy for each brain region (divided by mean entropy
across the whole brain) at each threshold k (Fig. 2). To identify the value
of k most sensitive to differences in entropy across the whole brain, a
contrast measure for entropy across brainwide regions at each threshold
k was subsequently calculated as follows: contrastk � (maxentropy

�minentropy)/maxentropy. In addition, the mean ranked correlation of
entropy distribution at each threshold k with entropy distribution at
every other threshold was defined as consistencyk. The consistency mea-
sure was used to identify the value of k where the resulting entropy
distribution is most representative of the distributions at other thresh-
olds. We finally summed the two metrics, contrast and consistency, at
each threshold k, and the peak value of this total was considered as
corresponding to the optimal threshold.

In the main analysis, we used local thresholding (i.e., retaining the k stron-
gest functional connections for each region; Alexander-Bloch et al., 2010).
The extent to which the number of functional connections of a node (using
global thresholding, where the correlation is above a threshold) potentially
influences flexibility measurement therefore needs to be assessed. Therefore,
we considered the mean number of functional connections of a node across
all temporal windows as a covariate. The global threshold was selected to
ensure that the sparsity of the whole brain network matches with that reserv-
ing the top k connections for each node (e.g., sparsity�3% corresponding to
k � 3). We then obtained a general linear model to regress out the covariate.
Finally, correlation analysis of entropy across the whole brain was conducted
at both group and individual levels (without vs with regressing out the cova-
riate) to validate our main findings.

Identification of functionally flexible and specialized regions. We per-
formed a one-sample t test comparing the mean entropy of each region
across individuals with the global mean value across brainwide regions.
Functionally flexible or specialized regions were defined as those with en-
tropy significantly greater or less than the global mean value. To address
multiple comparisons, here we adopted p � 0.05, Bonferroni corrected, as
the level of significance (i.e., pcorr � 0.05/90 � 0.00055 for the AAL-90 atlas,
and pcorr � 0.05/264 � 0.00019 for the Power-264 parcellation).

Relationship between currently flexible regions and functional hub areas.
We also tested to what extent nodes with high flexibility coincide with
previously reported hub nodes of functional brain networks (Liang et al.,
2013; Power et al., 2013). Here, hubs were assessed using the metric of
functional connectivity strength (FCS; i.e., average of all correlations of
one node with all other nodes) in a voxelwise manner following the
method used by Liang et al. (2013). A voxel with an FCS value signifi-
cantly greater than the global mean was defined as a hub. We considered
p � 0.05 with familywise error rate correction to statistically significant.

Multiple linear regression analysis. To further investigate age-related
changes of functionally flexible regions (mainly focused on frontal and
parietal cortices), we used a multiple linear regression analysis for the
regions as follows: ŷ � �X � X � �G � G � e, where ŷ is an [N �
1] vector of estimations of y (the variable of interest, i.e., entropy), X is
the design matrix with associated coefficients �X, G is an [N � 4] matrix
of nuisance variables (gender, education, total volume of GM and WM,
and head motion), and e is an [N � 1] vector of error terms. Here, we

choose X and �X with two possibilities, corresponding to linear and
quadratic models, respectively (Betzel et al., 2014):

X	N � 2
 � � 1 age1

� �

1 ageN

� with �X � 	�0, �1
 ,

X	N � 3
 � � 1 age1 age1
2

� � �

1 ageN ageN
2
� with �X � 	�0, �1, �2
.

The coefficients �X were used to assess whether or not a model exhibited a
statistically significant age effect. Briefly, one-sample t tests were performed
on the � associated with the highest order age term (�1 if the model is linear;
�2 if the model is quadratic). A model was considered to have a statistically
significant age effect if the p value associated with its test was less than a
designated critical value [p � 0.05, false-positive discovery rate (FDR) cor-
rected]. For regions with a significant age effect identified in the main anal-
ysis, we also validated the results by means of the above three different
processing strategies, including thresholding strategy, window length, and
brain parcellation. Notably, for the Power-264 parcellation, we examined
age effects for spherical ROIs that overlapped with regions identified using
the AAL-90 template.

Results
Head motion and brain volume
We detected an averaged root mean square of motion ranging from
0.0003 to 0.2330 (median, 0.0057) for all participants. The total vol-
ume of GM and WM ranged from 0.87 L to 1.51 L (median, 1.18 L).

Optimal threshold k identified for the probabilistic model
Across a wide range of k, we found the frontal, parietal, and
temporal lobes to show high entropy. In contrast, the visual
cortex showed low entropy. Moreover, the contrast of entropy
across brainwide regions gradually decreased with the increase
of k. Conversely, consistency increased and then slightly de-
creased along with the increase of k. For the sum of the two
metrics (i.e., contrast and consistency), the peak value
emerged at k � 3 (Fig. 2). The following results are all based on
this threshold. The mean entropy of each brain region across
participants at k � 3 is exhibited in descending order (Fig. 3).
In addition, a map of mean entropy of each brain region across
individuals is also shown on a cortical surface (Fig. 4A).

Functionally flexible and specialized regions across the
human life span
We found functionally flexible regions (i.e., entropy significantly
greater than global mean, p � 0.05, Bonferroni corrected) mainly in
the lateral prefrontal cortex (LPFC) (i.e., superior frontal gyrus and
middle frontal gyrus), orbitofrontal cortex, lateral parietal cortex

Figure 3. The mean entropy of each brain region across participants is showed in descending order. The dashed line indicates global mean value across the brain regions. The red and cyan bars
denote regions identified as functionally flexible and specialized (i.e., the mean entropy of a given region across individuals is significantly greater or lower than the global mean value), respectively.
The error bars denote SE. L, Left; R, right. The abbreviations of regions of interest are listed in Table 1.
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(i.e., superior parietal lobule, inferior parietal lobule, angular gyrus,
and supramarginal gyrus), lateral temporal lobes, supplementary
motor area (SMA), caudate, amygdala, left precentral gyrus, and
right paracentral lobule. In contrast, functionally specialized regions
(i.e., entropy significantly less than global mean, p � 0.05, Bonfer-

roni corrected) mainly involved visual, auditory, and sensory areas
and the putamen and pallidum (Fig. 4B, Table 2). The probability
distributions of the two most flexible and specialized regions (i.e.,
with the most significantly greater/lower entropy than the global
mean) are shown in Figure 5.

Figure 4. A, A map of mean entropy of each brain region across participants. The color bar indicates the values of entropy. B, The distribution of the functionally flexible (red) and specialized (cyan)
regions, defined as the mean entropy of a region across individuals significantly greater or less than the global mean value across brainwide brain regions. To consider multiple comparisons, we
adopted p � 0.05, Bonferroni corrected, as the level of significance (i.e., pcorr � 0.05/90 � 0.00055 for the AAL-90 atlas). Functionally flexible regions are mainly positioned in the LPFC,
orbitofrontal cortex, lateral parietal (LP) and lateral temporal (LT) cortices, and SMA. In contrast, functionally specialized regions are located in the visual, auditory, and sensory areas. The thin gray
outlines indicate boundaries between parcels of the AAL atlas. S1, Primary sensory cortex; ACC, anterior cingulate gyrus; OFC, orbitofrontal cortex; L, left; R, right.
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Age-related changes of functionally flexible regions in the
frontal and parietal cortices
We found that the trajectories of age-related changes in func-
tional flexibility were better fitted with the quadratic model for
the right middle frontal gyrus (p � 0.0029, r � 0.30) and left
supramarginal gyrus (p � 0.0048, r � 0.27, FDR corrected) com-
pared to the linear model (p � 0.1; Fig. 6).

Relationship between currently flexible regions and FCS
hub areas
After overlaying the maps of FCS hubs and our currently flexible
regions, we found considerable overlap between dorsolateral
PFC, inferior parietal lobules, lateral temporal lobules, and SMA.
However, visual and sensory areas, medial PFC, and posterior
cingulate cortex were identified as previously reported hubs, but
were not characterized as flexible regions by our method. Con-
versely, the superior parietal lobules were identified as flexible
regions, but are not FCS hubs (Fig. 7).

Validation results
Effects of thresholding strategy
We observed that most identified flexible and specialized regions
(p � 0.05, Bonferroni corrected) corresponded to our main find-
ings (significant correlations of entropy across the whole brain at
both group (r � 0.90, p � 2.7 � 10�33) and individual (r � 0.72,
p � 0) levels. After regressing out the covariate (number of con-
nections for each node when a global threshold is applied), the
bilateral middle orbitofrontal cortex, right paracentral lobule,
right inferior parietal lobule, and right middle frontal gyrus did
not emerge as flexible regions, instead, the left visual cortex stood
out as a flexible region. In addition, we found similar age effects
with and without regression of the covariate (Fig. 8).

Effects of window length
We found that most identified flexible and specialized regions
(p � 0.05, Bonferroni corrected) were consistent with our main
results (significant correlations of entropy across the whole brain
at both group (r � 0.96, p � 2.5 � 10�51) and individual (r �
0.83, p � 0) levels. However, the left precuneus and bilateral
middle cingulate gyri were identified as flexible regions at a win-
dow length of 100 s, but not at a window length of 44 s. In
contrast, bilateral anterior cingulate gyri were identified as func-
tionally specialized regions at a window length of 44 s, but not at
a window length of 100 s. Moreover, we found similar age effects
using different window lengths (Fig. 9).

Effects of brain parcellation
We found regions identified as functionally flexible as well as
specialized regions (p � 0.05, Bonferroni corrected; i.e., pcorr �
0.05/90 � 0.00055 for the AAL-90, and pcorr � 0.05/264 �
0.00019 for the Power-264) to be well matched between the two
brain parcellations, despite some inconsistency in the right SMA,
paracentral lobule, and lateral parietal cortex. However, we did
not consistently observe an effect of age (p � 0.1 for both linear
and quadratic fitting models) for the spherical ROIs in the right
middle frontal gyrus, and instead identified a similar trend (p �
0.043, r � 0.22) of age-related changes for one spherical ROI in
the left supramarginal gyrus (Fig. 10).

Discussion
Although the literature on connectivity dynamics in the resting state
is growing (Chang and Glover, 2010; Kiviniemi et al., 2011; Hutchi-
son et al., 2013a; Allen et al., 2014; Zalesky et al., 2014; Liao et al.,
2015), few studies provide computational insight into potential cog-

Table 2. Functionally flexible and specialized regions

Region p value t value

Flexible regions
ITG.L 1.8 � 10 �37 19.4
ORBinf.R 8.8 � 10 �37 19. 1
ORBinf.L 1.7 � 10 �32 16.9
ITG.R 9.1 � 10 �29 15.1
CAU.R 5.5 � 10 �26 13.9
CAU.L 8.0 � 10 �25 13.3
SFGdor.R 7.8 � 10 �24 12.9
SPG.R 2.7 � 10 �22 12.2
TPOsup.L 3.1 � 10 �20 11.3
MTG.L 5.7 � 10 �20 11.2
TPOmid.R 3.6 � 10 �19 10.9
MTG.R 8.1 � 10 �19 10.7
IPL.L 5.3 � 10 �18 10. 4
SPG.L 3.8 � 10 �17 10.0
TPOsup.R 8.5 � 10 �17 9.84
ANG.L 1.4 � 10 �15 9.3
SMG.R 1.4 � 10 �15 9.3
SMG.L 7.1 � 10 �15 9.0
ANG.R 1.1 � 10 �14 8.9
TPOmid.L 8.1 � 10 �14 8.5
ORBmid.L 1.1 � 10 �13 8.5
MFG.L 2.2 � 10 �13 8.3
SFGdor.L 4.7 � 10 �13 8.2
ORBsup.L 6.8 � 10 �13 8.1
ORBmid.R 1.3 � 10 �12 8.0
SMA.L 1.0 � 10 �10 7.1
ORBsup.R 2.2 � 10 �10 7.0
MFG.R 2.6 � 10 �09 6.5
IPL.R 3.7 � 10 �09 6.4
AMYG.R 1.1 � 10 �08 6.2
AMYG.L 5.8 � 10 �07 5.3
PreCG.L 9.3 � 10 �07 5.2
SMA.R 8.8 � 10 �06 4.7
PCL.R 5.0 � 10 �05 4.2

Specialized regions
CAL.R 2.0 � 10 �33 �17.4
LING.R 7.0 � 10 �27 �14.3
CAL.L 9.9 � 10 �27 �14.2
LING.L 7.8 � 10 �25 �13.4
CUN.R 7.8 � 10 �24 �12.9
CUN.L 3.3 � 10 �23 �12.6
PUT.L 7.2 � 10 �21 �11.6
SOG.R 1.8 � 10 �17 �10.1
ROL.L 2.0 � 10 �17 �10.1
PAL.L 6.9 � 10 �17 �9.9
PUT.R 1.3 � 10 �15 �9.3
SOG.L 1.4 � 10 �15 �9.3
HES.L 6.7 � 10 �13 �8.1
PAL.R 2.1 � 10 �12 �7.9
ROL.R 4.0 � 10 �12 �7.8
STG.L 4.3 � 10 �10 �6.8
PoCG.R 2.3 � 10 �09 �6.5
ACG.R 4.4 � 10 �09 �6.4
ACG.L 9.5 � 10 �09 �6.2
REC.L 1.5 � 10 �08 �6.1
REC.R 4.9 � 10 �07 �5.3
MOG.R 5.3 � 10 �07 �5.3
HES.R 8.8 � 10 �05 �4. 1
PoCG.L 0.0001 �4.0
FFG.R 0.0002 �3.9

Functionally flexible or specialized regions were defined by mean entropy of a given region across individuals
significantly greater or less than the global mean value across brainwide regions. Here we adopted p � 0.05,
Bonferroni corrected, as the level of significance (i.e., the pcorr � 0.05/90 � 0.00055 for the AAL-90 atlas).
The full name of each abbreviation was listed in Table 1. L, Left; R, right.
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nitive architecture. This study proposes a new probabilistic model-
ing framework to quantify the inherent functional flexibility of
individual brain regions, bridging the gap with task-related roles of
functional flexibility while also revealing age-related changes in
functionally flexible regions across the human life span.

Functionally flexible and specialized regions across the
human life span
We found that regions with high functional flexibility (high en-
tropy) were mainly positioned in higher-order association areas,
such as the LPFC and lateral parietal and lateral temporal corti-

Figure 5. A, C, Probability distribution of the most flexible (A) and specialized (C) regions (i.e., mean entropy of a given region across individuals is most significantly greater/lower than the global
mean value across brainwide regions). The probability for each connection is averaged across all participants. The legends indicate the most frequent connections with left inferior temporal gyrus
(ITG) and right calcarine cortex (CAL) across the temporal windows. B, D, The most frequent connections with ITG and CAL on a cortical surface. The ITG exhibits distributed and variable connectivity
(high entropy) with other regions over time. In contrast, the CAL shows local and stereotyped connectivity with other regions (low entropy) over time. L, Left; R, right. The abbreviations of regions
of interest are listed in Table 1.

Figure 6. Age-related changes of functional flexibility in the left supramarginal gyrus (SMG) and right middle frontal gyrus (MFG). Red lines represent the best-fit line derived from the multiple
linear regression models. We adopted a statistical threshold of p � 0.05, FDR corrected. L, Left; R, right.
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ces, throughout the life span. In contrast, regions with high
functional specialization (low entropy) were mainly found in
unimodal areas, such as visual, auditory, and sensory areas. Fron-
tal and parietal regions are considered “domain general” and
coactivate during a wide variety of cognitive tasks, supporting
cognitive flexibility (Dosenbach et al., 2007; Crossley et al., 2013;
Fedorenko et al., 2013), whereas “domain-specific” regions in-
cluding the visual, auditory, and sensory cortices perform spe-
cialized functions (Macaluso and Driver, 2005; Fedorenko et al.,
2013; Fedorenko and Thompson-Schill, 2014). Flexible hub the-
ory further suggests that the functional connectivity pattern of
the frontoparietal network shifts more than that of other net-
works across a variety of task states (Cole et al., 2011, 2013a,b).
Moreover, functional flexibility of frontoparietal and frontotem-
poral networks has been revealed during working memory tasks
and learning (Bassett et al., 2011; Braun et al., 2015). These func-
tionally flexible regions are heterogeneous and support the bind-
ing and integration of specialized brain systems that contribute to
the ability to execute multiple and varied tasks (Yeo et al., 2015).
Our findings further demonstrate that high flexibility of human
association cortex exists even in the absence of overt tasks. The rapid
reconfiguration of functional connectivity pattern according to dif-
ferent task demands may be attributable to the flexible self-assembly
of intrinsic functional connectivity. This substantiates the influential
perspective that resting brain activity is responsible for maintaining
preparedness for future events (Miall and Robertson, 2006; Raichle
and Snyder, 2007; Engel et al., 2013).

Moreover, we found high flexibility of the caudate. In con-
trast, the putamen and pallidum exhibited low flexibility. Emerg-

ing evidence (Grahn et al., 2008) suggests that the caudate
contributes to goal-directed action (e.g., supporting the planning
and execution of strategies), while the putamen appears to sub-
serve cognitive functions more limited to stimulus response or
habit. Our finding not only provides new evidence for functional
delineation within the basal ganglia, but also demonstrates the
specificity of our model.

Although there is considerable overlap in the inferior parietal
lobules, lateral temporal lobules, and dorsolateral PFC between
the FCS hubs/default network and our identified flexible regions,
there is some divergence. Specifically, the medial PFC, posterior
cingulate cortex, and visual and sensory areas identified as previ-
ously reported hubs (Buckner et al., 2009; Liang et al., 2013) did
not emerge as flexible regions. Hubs are nodes of special impor-
tance in a network. Power et al. (2013) argue that hubs identified
using degree- or strength-based approaches may reflect commu-
nity size or belonging to large functional systems rather than
important roles in information processing. They devised a com-
bined approach to identify hub-like regions that support or
integrate multiple functional systems, resulting in findings that
considerably diverge from previously reported degree/
strength-based hubs in many regions, including the posterior
cingulate gyrus, medial PFC, and visual and sensory areas. In
contrast, the flexible regions proposed here are based on char-
acterization of heterogeneous functional connectivity pat-
terns of each region over time. It is therefore crucial to bear in
mind the likely physiological basis of a hub based on each
unique identification approach, as different approaches result
in different hub-like regions.

Figure 7. Overlaid map of currently flexible regions (red) and FCS hubs (orange). The yellow areas represent the overlapped regions. DLPFC, Dorsolateral prefrontal cortex; IPL, inferior parietal
lobule; LT, lateral temporal; PCC, posterior cingulate cortex; MPFC, medial prefrontal cortex; S1, primary sensory cortex; L, left; R, right.
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Age-related changes of frontal and parietal cortices in
inherent functional flexibility
We observed that flexibility of the right middle frontal gyrus
increased during maturity and reduced with normal aging, with

the opposite occurring for the left supramarginal gyrus. The pre-
frontal cortex, particularly the LPFC, is a late developing region
of the neocortex involved in the top-down control of thoughts
and action (Bunge et al., 2002; Casey et al., 2005). The primary

Figure 8. Validation results for the effects of thresholding strategy. A, B, Functionally flexible and specialized regions identified in the main analysis (A) and after regressing out the number of
connections of each node using a global threshold (B). Arrows indicate regions that were identified as flexible/specialized in only one of the two thresholding strategies. The thin gray outlines
indicate boundaries between parcels of the AAL atlas. C, D, Significant correlation of entropy across the whole brain was found at both the group (C) and individual (D) levels. E, Age-related changes
of functional flexibility in the left supramarginal gyrus (SMG) and right middle frontal gyrus (MFG), which were similar to the main findings. Red lines represent the best-fit line derived from the
multiple linear regression models. OFCmid, Middle orbitofrontal cortex; PCL, paracentral lobule; IPL, inferior parietal lobule; S1, primary sensory cortex; L, left; R, right.
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Figure 9. Validation results for the effects of window length. A, B, Functionally flexible and specialized regions identified using a window length of 44 s in the main analysis (A) and
a window length of 100 s (B). Arrows indicate the regions that were identified as flexible/specialized in only one of the two window lengths. The thin gray outlines indicate boundaries
between parcels of the AAL atlas. C, D, Significant correlation of entropy across the whole brain was found at both the group (C) and individual (D) levels. E, Age-related changes in
functional flexibility in the left supramarginal gyrus (SMG) and right middle frontal gyrus (MFG), which were similar to the main findings, although statistical significance is weak for the
left SMG. Red lines represent the best-fit line derived from the multiple linear regression models. PCUN, Precuneus; MCG, middle cingulate gyrus; ACC, anterior cingulate gyrus; M1,
primary motor cortex; L, left; R, right.
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executive function of the LPFC is the temporal integration of
goal-directed actions in the domains of behavior, cognition, and
language (Miller and Cohen, 2001; Fuster, 2002; Tanji and Hoshi,
2008). Moreover, cognitive maturation is concurrent with the

expansion of heterogeneous function of the prefrontal cortex,
which continues into adulthood (Luna et al., 2001). Specifically,
fMRI evidence indicates that LPFC function contributing to per-
formance on the Stroop interference task continues to develop

Figure 10. Validation results for the effects of brain parcellation. A, The overlay of functionally flexible and specialized regions identified using the AAL-90 and Power-264 parcellations. The
results are well matched, despite some differences in the right SMA, paracentral lobule (PCL), and lateral parietal cortex (LP; black circles). The thin gray outlines indicate boundaries between parcels
of AAL atlas. B, Age-related changes in functional flexibility in spherical ROIs that overlap with the left supramarginal gyrus (SMG) and right middle frontal gyrus (MFG). Yellow lines represent the
best-fit line derived from the multiple linear regression models. The results are modulated by the spatial scales, especially for the spherical ROIs in the right MFG. L, left; R, right.
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into adulthood. In contrast, functional development of the pari-
etal lobe occurs by adolescence (Adleman et al., 2002). Addition-
ally, lateral parietal regions (i.e., supramarginal and angular gyri)
show decreased activity in adults relative to children while
performing high-frequency reading and aural repetition tasks,
suggesting that reading development involves intraregional spe-
cialization with maturity (Church et al., 2008). We therefore pre-
sume that two types of functional reorganization occur with
maturity: increased functional flexibility or integration in the
prefrontal cortex and increased functional specialization or seg-
regation in lateral parietal regions.

On the other hand, there is a decline in many domains of
cognition (e.g., verbal memory and numeric ability) in humans
after the age of 55 (Hedden and Gabrieli, 2004). Moreover,
cognitive functions of the adult prefrontal cortex reflect the
culmination of biological processes that lead to peak lifetime in-
tellectual performance (Fuster, 2002). Accordingly, we found
that age-related changes in functional flexibility in the right mid-
dle frontal gyrus conform to the quadratic model, peaking at
adulthood and subsequently declining. Our method provides
novel neural evidence for aging-related changes demonstrated
using cognitive and neuropsychological indices.

Anatomically, late maturation of the prefrontal cortex is
prominently reflected in the late myelination of its axonal con-
nections (Fuster, 2002). Moreover, the greatest age-related de-
cline in white matter integrity occurs in the prefrontal cortex and
anterior corpus callosum throughout the normal aging process,
as demonstrated by diffusion tensor imaging (Head et al., 2004;
Hedden and Gabrieli, 2004). We speculate that such structural
alterations may underlie age-related changes of functional flexi-
bility in LPFC.

The results of our validation procedure indicate that the ob-
served age-related changes were robust to thresholding strategy
and window length. However, the trend of age effect was modu-
lated by different spatial scales (i.e., AAL-90 vs Power-264), al-
though the identification of functionally flexible and specialized
regions was robust. Previous brain network studies have demon-
strated that organization principles are robust across spatial
scales, but quantitative measures of graph metrics, especially for
individual regions, vary substantially (Wang et al., 2009; Haya-
saka and Laurienti, 2010; de Reus and van den Heuvel, 2013).
Furthermore, whether uniformly sized brain regions offer a gen-
uine advantage over anatomical templates is open for debate and
may depend on the research question. This is due to difficulties in
discerning whether reported differences reflect true characteris-
tics of the human brain across spatial scales or arise due to meth-
odological issues (de Reus and van den Heuvel, 2013). Therefore,
caution should be exercised when interpreting differences in
quantitative measures across spatial scales.

Limitations of this study
The present study is based on analyses of dynamic functional
connectivity and is affected by the general limitations of this tech-
nique (Hutchison et al., 2013b; Hindriks et al., 2016). Specifically,
the temporal resolution of fMRI is relatively low (TR, 2 s; Hutchi-
son et al., 2013a; Allen et al., 2014; Hutchison and Morton, 2015).
Although recent advances in fMRI with multiband acquisition
(Liao et al., 2015) can dramatically improve the sampling rate
(e.g., TR from 2 s down to 0.4 s), these acquisitions are still
limited by the hemodynamic response. Therefore, it is important
to combine fMRI with other techniques (e.g., magnetoencepha-
lography; de Pasquale et al., 2015) with higher temporal resolu-

tion to obtain maximally accurate dynamic reconfiguration of
intrinsic functional networks.

Two limitations related to the research design are particularly
noteworthy. First, a participant sample that includes a group of
preadolescent children is warranted to detail the development of
functionally flexible regions. Second, although our findings re-
vealed inherent functional flexibility of brain organization across
the human life span, the modulation of dynamic reorganization
of intrinsic functional networks by cognitive or behavioral learn-
ing, for example, should be considered in future research.

Conclusions
This study proposes a new probabilistic framework to quantify
the flexibility of each brain region based on the dynamics of in-
trinsic functional connectivity. Our model successfully demon-
strates the inherent flexibility of the higher-order association
cortex, such as the frontoparietal system, throughout the human
life span. In contrast, unimodal visual and sensory regions are
functionally rigid. Moreover, we uncovered dissociable changes
of the LPFC and lateral parietal cortex in functional flexibility and
specialization over the life span. In addition, our proposed frame-
work has the potential to provide insight into how the dynamic
reconfiguration of intrinsic functional networks is disrupted in a
wide spectrum of individuals with neurological or psychiatric
difficulties.
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