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Abstract

Uncovering the moment-to-moment dynamics of functional connectivity (FC) in the human brain during early development
is crucial for understanding emerging complex cognitive functions and behaviors. To this end, this paper leveraged a
longitudinal resting-state functional magnetic resonance imaging dataset from 51 typically developing infants and, for the
first time, thoroughly investigated how the temporal variability of the FC architecture develops at the “global” (entire brain),
“mesoscale” (functional system), and “local” (brain region) levels in the first 2 years of age. Our results revealed that, in such
a pivotal stage, 1) the whole-brain FC dynamic is linearly increased; 2) the high-order functional systems tend to display
increased FC dynamics for both within- and between-network connections, while the primary systems show the opposite

trajectories; and 3) many frontal regions have increasing FC dynamics despite large heterogeneity in developmental
trajectories and velocities. All these findings indicate that the brain is gradually reconfigured toward a more flexible,
dynamic, and adaptive system with globally increasing but locally heterogeneous trajectories in the first 2 postnatal years,
explaining why infants have rapidly developing high-order cognitive functions and complex behaviors.
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Introduction

The first 2 postnatal years are a pivotal period of life with
rapid development in the human brain structure and function.
During this period, the overall brain size of the infant reaches
80% of adult’s volume (Knickmeyer et al. 2008) concurrent
with dramatic increases in cortical thickness (Lyall et al.
2015) and surface area (Li et al. 2013). Brain functions also
achieve remarkable development, including the improved
vision (Courage and Adams 1990) and body manipulation, and
acquisition of several higher-order cognitive functions, such
as self-awareness (Amsterdam 1972), spatial attention (Haith
et al. 1988), and working memory (Reznick 2008). Compared
with the anatomical organization, functional neural circuits

represent more direct mediators of the brain’s diverse functional
capabilities (Gao et al. 2017). Delineating their development in
the first 2 years of life would provide unprecedented insights
into the neuro-mechanism of infants’ fast-growing behavioral
repertoire in early life.

In recent years, resting-state functional magnetic resonance
imaging (rs-fMRI) has been emerging as a useful tool for
probing functional brain development (Smyser et al. 2010, 2011;
Gao et al. 2011, 2012, 2015a, 2015b; Alcauter et al. 2014;
Damaraju et al. 2014; De Asis-Cruz et al. 2015; Wen et al.
2019). The most popular approach for this type of study is
to represent the infant brain as a complex network that
consists of brain regions as nodes linked by edges, estimated by
functional connectivity (FC), and then delineate developmental
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trajectories of various network topological properties across age
(Smyser et al. 2011; Gao et al. 2011; Gao et al. 2015a; Damaraju
et al. 2014; De Asis-Cruz et al. 2015; Wen et al. 2019). Based on
this method, existing studies have revealed the brain functional
network development at multiple levels, including global (i.e.,
whole brain) (Gao et al. 2011; Wen et al. 2019), mesoscale (i.e.,
functional subnetworks) (Gao and Lin 2012; Gao et al. 2015a;
Gao et al. 2015b), and local levels (i.e., brain regions) (Wen et al.
2019). Generally, the brain network is globally reconfigured to be
a more efficient balance between local and global information
communications from neonates to 2 years of age (Gao et al. 2011,
Wen et al. 2019). Different functional subnetworks are developed
with diverse developmental trajectories, with primary systems
mature earlier than high-order function-related systems (Gao
et al. 2015a; Gao et al. 2015b). From the local level, our recent
findings suggest that more association regions gradually emerge
as connector hubs facilitating information exchange and
integration among functional subnetworks, while many primary
regions become less centralized (Gao et al. 2011; Wen et al.
2019). Although providing valuable insights, these studies all
investigate FC from a “static” point of view, ignoring its essential
“temporal dynamics.”

Mountainous evidence has been indicating that the brain
functional network dynamically reconfigures itself from con-
nectivity patterns of subnetworks to functional architectures
of brain regions over seconds to minutes both at rest (Zalesky
et al. 2014) and during task performance (Braun et al. 2015),
supporting the adaptive integration between different neural
systems in response to rapidly changing internal and exter-
nal stimulus (Hutchison et al. 2013; Calhoun et al. 2014). Dis-
tinct functional subnetworks or brain regions establish different
degrees of variability across time relevant to their roles/func-
tions in neural coordination for the implementation of diverse
cognitions and behaviors (Cole et al. 2013; Braun et al. 2015;
Betzel et al. 2016; Zhang et al. 2016). For instance, Cole et al.
(2013) found that, among all between-network functional con-
nections, the couplings between the frontal-parietal system and
other systems display the highest temporal variability suggest-
ing it may be served as a mediator for task switching. Zhang
et al. (2016) found that the association cortices and the limbic
regions display higher temporal variability in FC architecture
than the primary areas, providing evidence that the transmodal
areas tend to participate in more complex and integrated cog-
nitive activities. Hence, shifting the investigation of brain net-
work from “static” to “dynamic” views provides new insights
to build the relationship between time-varying FC and neural
and behavioral adaptability. More importantly, the analysis of
temporal variation has more potential to capture the sensi-
tive and subtle changes than the static FC analysis method
(Rashid et al. 2016).

Characterizing FC dynamics during normative development
could help to deepen our understandings of functional flexibility
and behavioral changes. Previous studies have revealed age-
related development in the frequency and dwelling time (how
long the brain spends on a given mode) of specific FC “modes”
(Allen et al. 2014; Hutchison and Morton 2015; Qin et al. 2015;
Marusak et al. 2017; Medaglia et al. 2018) and between-state
transitions from late childhood to young adult (Allen et al. 2014;
Qin et al. 2015). Such developmental changes in the dynamic
FC are related to the reduced behavioral variability and more
accurate performance (McIntosh et al. 2008). However, the
understanding of the early brain developmental process in FC
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dynamics remains in the dark, and the similar delineation of
time-varying FC during this pivotal period is warranted. Given
that the infant brain regulates information flow from whole-
brain (Gao et al. 2011; Wen et al. 2019), mesoscale (Gao and
Lin 2012; Gao et al. 2015a; Gao et al. 2015b), and local levels
(Wen et al. 2019) during the development, we characterized the
development of FC dynamics at these three levels to provide a
comprehensive and thorough insight into how brain dynamics
change in early life.

In this paper, leveraging longitudinal rs-fMRI from 51 typ-
ically developing infants, we used recently developed novel
dynamic FC approaches to characterize the development of the
temporal variation of FC profiles at the regional, subnetwork,
and whole-brain levels during the first 2 years of life. Specifi-
cally, we first calculated the temporal variabilities of 217 pre-
defined functional regions of interest (ROIs) (Zhang et al. 2016)
and 7 functional subnetworks (including within- and between-
network variabilities) (Dong et al. 2018; Sun et al. 2018). We
then averaged the variability across 217 ROIs as a measure of
the whole-brain FC temporal dynamic. After that, we, respec-
tively, charted developmental trajectories of temporal variabil-
ity at three different levels by using the linear mixed-effect
regression model (Verbeke 1997). Given an increasingly efficient
brain network during early development (Gao et al. 2011; Wen
et al. 2019), we assumed that the whole-brain functional con-
nectome would become more and more flexible and adaptive
from neonate to 2 years old. At the subnetwork level, previous
studies have revealed that most high-order functional systems
in adults display time-varying FC patterns to meet the require-
ment of diverse high-level cognitive functions at different tem-
poral periods (Liu, Nie, et al. 2013; Liu and Duyn 2013; Li et al.
2015). With gradually maturing functional subnetworks (Gilmore
et al. 2018) and remarkable achievement of brain functions in
the first 2 years of life (Amsterdam 1972; Haith et al. 1988;
Reznick 2008), we hypothesized that the higher-order function-
related subnetworks tend to display increased FC temporal vari-
ability within the network to meet the increasing demand of
cognitive flexibility for conducting high-level functions. At the
regional level, based on the finding that the functional con-
nectome of association areas is more variable than that of the
primary areas in the adult population (Zhang et al. 2016), we
assumed that the brain regions with significantly increased FC
variability are more likely located at high-order function-related
areas.

Materials and Method
Subjects

Images were obtained from the subjects enrolled in the “Multi-
visit Advanced Pediatric brain imaging study for characteriz-
ing structural and functional development (MAP Study).” Study
procedures were approved by the University of North Carolina
at Chapel Hill Institutional Review Board, and informed writ-
ten consent was obtained from the parents of participants.
After quality control, data of 51 normal developing infants with
200 longitudinal rs-fMRI scans, that is, at 0 month (29 scans),
3 months (26 scans), 6 months (32 scans), 9 months (31 scans),
12 months (31 scans), 18 months (31 scans), and 24 months (20
scans), entered the analysis. The distribution of the ages of all
included subjects was presented in Figure 1. Detailed inclusion
and exclusion criteria were described in (Gao et al. 2015a).
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Figure 1. The distribution of rs-fMRI scans at different ages (i.e., days) for all included subjects. Each dot represents one successful scan from a subject at a certain age,
and the dots along each line represent all the available longitudinal scans of a subject.

Data Acquisition

During data acquisition, all subjects were in a natural sleeping
state. No sedation was conducted. All subject data were acquired
with a Siemens 3-T MR scanner. Rs-fMRI was acquired using T2-
weighted EPI sequence with the following parameters: TR =2,
TE = 32 ms, 33 slices, voxel size = 4 x 4 x 4 mm?, and total
volumes = 150 (5 min). Structural images were acquired with 3D
MP-RAGE sequence with the following imaging parameters: TR
= 1820 ms, TE = 4.38 ms, inversion time = 1100 ms, and voxel
size = 1x1x1 mm?.

Data Preprocessing

Functional data were preprocessed using the tools from FMRIB
Software Library (http://www.fmrib.ox.ac.uk/fsl). It includes
the following steps: discarding the first 10 volumes, slice-
timing correction, motion correction, and band-pass filtering
(0.01~0.08 Hz). The mean signals from the white matter (WM),
cerebrospinal fluid (CSF), and six motion parameters were
removed using a linear regression model. To further reduce the
head motion effects, wavelet despiking was used to remove both
prolonged motion artifacts and higher-frequency events (Patel
et al. 2014). The subjects with the percentage of the detected
spikes larger than 5% were excluded from further analysis.
Considering dramatic changes in imaging appearance and
brain geometry during early infancy, we used a stepwise, infant-
dedicated registration strategy to align each rs-fMRI data to
the Montreal Neurological Institute (MNI) space, as described
elsewhere (Zhang et al. 2018; Wen et al. 2019; Yin et al. 2019).
Specifically, for each subject of each age, we first registered

the first volume of the rs-fMRI data to its corresponding struc-
tural MRI with linear registration. Second, for each subject, we
conducted within-subject across-age longitudinal registration
that aligned all the structural images from a certain subject at
different ages to a “group-mean” image in a common space by
using a groupwise longitudinal registration toolbox (GLIRT, Wu
et al. 2012). Third, we registered the group-mean image of each
subject to the standard symmetric “MNI-152” template by using
Demons, a nonparametric nonrigid registration algorithm based
on ITK (Ibanez et al. 2005). To alleviate the effect of weak con-
trast in infant T1-weighted structural MRI, we adopted tissue-
segmented label (i.e., gray matter, WM, and CSF) images derived
from infant-dedicated segmentation with LINKS (Wang et al.
2015) instead of the original intensity (gray scale) T;-weighted
MRI to conduct the registration. Finally, by combining all the
linear transformation matrices and deformation fields from the
above steps, we registered each infant’s longitudinal rs-fMRI
data to the common, standard MNI space. We visually inspected
all the registration results to guarantee good registration quality.

Temporal Variability in FC Profile of Brain Regions
and the Whole Brain

To evaluate regional-wise FC variability, we first parcellated the
whole brain into 268 ROIs by using a volumetric groupwise
parcellation atlas provided by (Shen et al. 2013). This is an FC-
based brain parcellation generated with a rs-fMRI dataset from
79 healthy adults based on the groupwise clustering of voxel-
wise FCs, which has been widely used in many functional brain
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studies (Bertolero et al. 2015; Rosenberg et al. 2016; Beaty et al.
2018). Compared with other anatomical information-based par-
cellations, this functional atlas is more suitable for rs-fMRI stud-
ies as it provides highly homogeneous and functionally coher-
ent brain parcellations and well-established region-to-network
associations (Arslan et al. 2018). As the infant cerebellum regis-
tration is much more difficult than the cerebral area registration
due to its smaller size and weaker contrast, we excluded 51 cere-
bellar regions from further analysis. This resulted in 217 ROIs
in the cortical and subcortical areas. For each ROI, we extracted
its rs-fMRI time series by averaging the blood-oxygen-level-
dependent (BOLD) signals of all voxels within it and segmented
the time course into N nonoverlapping windows with an equal
length of L. In each window, we computed pairwise Pearson’s
correlation among each pair of ROIs using the windowed time
series, generating a M x M FC matrix (denoted by F;, i=1, 2,
3, ..., N; M is the total number of ROIs; here, M=217). The
kth row (or kth column) in F; characterizes the FC architec-
ture for the ROI k at the ith time window, represented as F?.
Then, the regional temporal variability of the ROI k (vfegion) was
defined as

Vk

region

=1—corrcoef(Ff,F}k),i,j=1,2,3,~-~,N,i#j 1

In equation 1, corrcoef(FF,F}’F) measures the averaged simi-
larity of the FC architecture of the region k between any two
different time windows and corrcoef denotes Pearson’s cor-
relation coefficient. By deducting from 1, er .onindicates the
temporal variability of FC architecture of the region k (Zhang
et al. 2016). To avoid the arbitrary choice of the window length
and starting point of the window, we computed Vyegion With
different window lengths (L=10, 11, ..., 20 time points) using
different starting points (S=1, 2,..., L—1) and then averaged
across all window length and starting point parameters as the
final regional dynamic FC variability.

After obtaining all regional-wise FC variabilities, we calcu-
lated the whole-brain FC dynamic, Vyhole-brain, for each scan of
each subject by averaging Vyegion across all the 217 ROIs of the
corresponding brain.

Temporal Variability of FC Architecture within
and between Functional Subnetworks

Besides calculating ROI-wise and whole-brain FC dynamics, we
also measured the temporal variation of FC architecture from
the mesoscale level. To this end, we first parcellated all infant
brains into several functional subnetworks, each of which con-
tains a set of ROIs of a certain functional system. Consider-
ing the dramatic reorganization of brain functional networks
during early infancy, we adopted a unified atlas as the tem-
plate of brain parcellation and applied it to all age groups to
ensure the comparability of functional networks across age.
This atlas was generated on adults, which parcellated the brain
into seven functional subnetworks, including visual network
(VN), sensorimotor network (SMN), dorsal attention network
(DAN), ventral attention network (VAN), limbic/striatum net-
work (LN/SN), frontal-parietal network (FPN), and default mode
network (DMN) (Yeo et al. 2014). Because there are two major
types of FC in terms of subnetwork affiliations of two nodes that
form a link for each functional subnetwork, we computed the
within-network temporal variability of FC (i.e., Viithin-net) and
between-network temporal variability of FC (i.e., Vpetween-net)
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according to a modified algorithm of the regional temporal vari-
ability method of FC architecture (Dong et al. 2018). Specifically,

ﬁmhmm ot 18 defined as the time-varying dynamic of the FC
architecture within functional subnetwork p according to equa-
tion 2 and V{’)gmeemnet as the time-varying dynamic of the FC
architecture between functional subnetworks p and q according

to equation 3

V ithin-net = 1 — corrcoef (FF,F¥),i,j=1,2,3,. ., N,i#j (2)
VB veenmnet = 1 — corrcoef (ML F1) ij=1,2,3,... ,N,i#] (3)

In equations 2 and 3, p and q are indexes of seven functional
subnetworks. F‘f is the FC architecture consisting of all FCs in
functional subnetwork p at the ith time window. Ff’q represents
the FC architecture including all FCs between subnetworks p and
q at the ith time window. Similar to ROI-wise temporal variability
calculation, we computed Viithin-net and Vipetween-net With multi-
ple window lengths (L=10, 11, ..., 20 time points) using multiple
starting points (S=1, 2,...,L—1) and took an average to generate
the final version of the Viithin-net aNd Vpetween-net to improve the
robustness of the result.

Characterization of Developmental Trajectories
of Temporal Variability

The developmental trajectories of the temporal variability of FC
architecture at the whole-brain, subnetwork, and regional levels
were delineated by using the linear mixed-effect regression
(LMER) model. The LMER was used in this study due to its ability
to handle missing data in longitudinal studies (Verbeke 1997).
For each measurement (thole-brainy Viwithin-net> Vbetween-net» and
Vregion), both a linear model (with age as a fixed effect vari-
able) and a log-linear/nonlinear model [with log(age) as a fixed
effect variable] were built. The log-linear model was used to
delineate the uneven developmental speed during the first 2
years of life, which has been identified to follow the exponential
function (Gao et al. 2015b). In each LMER model, Vyhole-brain,
Vwithin-net» Vbetween-net> OF Vregion 15 the dependent variable, and
age or log(age) in days and gender information are independent
variables (Jha et al. 2019). Random intercept and subject effects
were included as the random effects to characterize the tem-
poral correlation. Akaike information criterion (AIC) was used
to gauge the selection between linear and nonlinear models.
Significant developmental changes were determined by P < 0.05
after multiple comparison correction by false discovery rate
(FDR).

Results
Temporal Variability of Whole-Brain FC Architecture

The temporal variability of the whole-brain FC architecture was
found significantly increased linearly during the first 2 years of
life (P < 0.05), suggesting that the brain becomes more and more
flexible along with the development in early life (Fig. 2a). To
clearly show spatial pattern changes at different ages, especially
the regions with high FC variability, we further visualized the
top 20% of the regions in terms of age-averaged regional FC
temporal variability for the ages 0f 0,3, 6,9, 12, 18, and 24 months
(Fig. 2b). In general, we found that the spatial pattern of the
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Figure 2. (a) Developmental trajectory of whole-brain FC temporal variability in the first 2 years of life. In the figure, dots represent the males and squares represent
females. (b) Spatial patterns of 20% brain regions with the highest variability across seven age groups (i.e., 0, 3, 6, 9, 12, 18, and 24 months of age).

high FC temporal variability regions is shifted from the posterior
to the anterior of the brain, especially from the occipital and
temporal lobes to the frontal lobe. Specifically, for neonates,
brain regions with highly variable FC profiles are mainly located
at the visual cortex, middle and inferior temporal cortices, and
thalamus. After 3 months of the development, those in the
visual cortex, temporal cortex, and thalamus shrink largely,
while bilateral sensorimotor areas and angular areas emerge.
From 6 to 9 months old, the sensorimotor areas have contin-
uously increased FC variability, while those in other regions
are gradually weakened. Since 12 months of age, the spatial
distribution of the top variable brain regions tends to be stable
with a continuous pattern in bilateral sensorimotor areas but
with prominent extension to the premotor area and superior
frontal areas.

Temporal Variability of Subnetwork’s FC Architecture

Figure 3 plotted the developmental patterns of within- and
between-network FC temporal variabilities for seven functional
subnetworks, with Supplementary Table 1 summarizing the
fitted developmental trajectories from the LMER model.
For within-network FC variability, we observed nonlinearly
decreasing trajectories for two primary subnetworks, VN and
SMN, and linearly increasing trajectories for two high-order
functional subnetworks, VAN and DMN (Fig. 3a). Among them,
VN displays a larger decreasing speed than that of SMN, while
VAN increases slightly faster than that of DMN (Fig. 3b).

For between-network FC temporal variability, we found
all significantly developmental changes (P<0.05 after FDR
correction) are increased with age (Fig.3a). Eight of them
showed the linear increase and one showed the exponential
(i.e., nonlinear/log-linear) increase. Interestingly, there is
N0 Vpetween-net inNCrease between VN (and LN/SN) and any
other functional subnetworks. For the other five functional
subnetworks, all their Viyerween-net are found to be increasing
across age. Specifically, for the SMN, VAN, and DMN, more than

half of their connections (four out of six) have the increased
Vpetween-net; and for the DAN and FPN, half of their connections
(three out of six) have the increased Vpetweennet- Notably,
except SMN, all the other networks with significantly increased
Vpetween-net are the high-level functional networks (i.e., DAN,
VAN, FPN, and DMN). Regarding developing speed, we observed
that the Vperween-net between DAN and DMN had the fastest
linear increase, followed by that of VAN and FPN, SMN and VAN,
SMN and DMN, DAN and VAN, FPN and DMN, VAN and DMN, and
SMN and DAN (Fig. 3c). Only the between-network FC variability
between SMN and FPN showed a nonlinear increasing trajectory
(Fig. 3¢c).

Temporal Variability of Regional FC Architecture

In addition to the above results at whole-brain and subnetwork
levels, we also delineated developmental trajectories of FC
dynamics for all brain regions. To clarify different developmental
patterns, we classified the ROIs with significant changes
in FC variability into four categories based on their fitted
developmental trajectories, including linear increase (Type
1), nonlinear increase (Type 2), linear decrease (Type 3), and
nonlinear decrease (Type 4). Figure 4a shows the spatial
distributions of brain regions with significant developmental
changes in Viyegion, separately plotted for each developmental
type, where the grayscale values coded different developmental
velocities (i.e., the slope of the age effect in the LMER model). The
detailed information for all fitted parameters was summarized
in Supplementary Table 2. We found that the number of brain
regions with increasing FC variability (57 ROIs) is much more
than that with a decrease (12 ROIs) and most of them are
linear increases. Different types of brain regions tend to sit
at distinct brain areas. Specifically, increasing developmental
trajectories are mainly located at high-order function-related
areas, including inferior and superior frontal areas, medial
prefrontal areas, cingulate cortices, some subcortical regions
(including putamen, caudate, and insula) and ventral precentral
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Figure 3. Illustration of developmental patterns of within-network (Vyithin-net) and between-network FC temporal variabilities (Vpetween-net) On seven functional
subnetworks, including visual network (VN), sensorimotor network (SMN), dorsal attention network (DAN), ventral attention network (VAN), limbic/striatum network
(LN/SN), frontal-parietal network (FPN), and default mode network (DMN). The network parcellation is based on the template provided by (Yeo et al. 2014). The
significance level is set to P <0.05 after FDR correction. (a) Significantly changed Vyithin-net and Vipetween-net- Down and up arrows indicate significantly decreased
and increased Vyjithin-net, respectively. The black lines between two subnetworks indicate significantly increased Vpetween-net between them. (b) Different developing
speeds of Vyithin-net for different functional subnetworks. (c) Different developing speeds of Vietween-net for different subnetwork pairs. Black bars represent linear

developmental trajectories and gray ones represent nonlinear developmental trajectories.

gyrus in Type 1 (i.e., linear increase), and dorsolateral prefrontal
areas and ventral precentral areas in Type 2 (i.e., nonlinear
increase). Among these brain regions, the left anterior and
middle cingulate areas (referred to as dorsal anterior cingulate
cortex, dACC), as well as the left prefrontal gyrus (orbital and
triangular parts) and the right prefrontal gyrus (orbital part),
showed steeper developmental slopes than the other regions.
These regions are particularly included in the executive control
network and default mode network. For those brain regions
with decreasing developmental trajectories, they mainly sit at
primary areas, including the middle temporal area in Type 3 (i.e.,
linear decrease) and visual areas and temporal lobe in Type 4
(i.e., nonlinear decrease).

Additionally, we also characterized how four types of brain
regions are distributed in seven predefined functional subnet-
works based on two indexes, one of which counts the number
of brain regions of each type located at each subnetwork and
the other calculates the percentage of ROIs, that is, the number
of brain regions of each type at one network divided by the
total number of brain regions in that network. The results were
displayed with cumulative histograms as shown in Figure 4b,c.
We found that measured by either of two indexes, the brain
regions with linearly increasing FC flexibility were dominant
to all subnetworks but VN (to which nonlinear decrease is
dominant) and FPN (for which significant more nonlinear
increased Type 2 regions were found).
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Figure 4. [llustration of developmental patterns of regional-wise FC temporal variability (Vyegion) and their spatial distributions, where the brain regions with significant
developmental trends (P < 0.05 after FDR correction) were divided into four different categories (Types 1-4) based on their fitted developmental trajectories, including
linear increase (Type 1), nonlinear increase (Type 2), linear decrease (Type 3), and nonlinear decrease (Type 4). (a) Spatial distribution of brain regions in each category,
where different grayscale values coded different developing velocities (i.e., the slopes of the fitted curves) of Viegion. An exemplary trajectory of Viegion Was plotted
beside each surface rendering map, with males and females separately plotted by dots and squares. (b) Distributions of four categories of brain regions in different
functional brain subnetworks measured by the number of brain regions. (c) Distributions of four categories of brain regions in different functional brain subnetworks
measured by the percentage of brain regions. The subnetworks in Figures. (b) and (c) were defined based on the template provided by (Yeo et al. 2014), including
visual network (VN), sensorimotor network (SMN), dorsal attention network (DAN), ventral attention network (VAN), limbic/striatum network (LN/SN), frontal-parietal

network (FPN), and default mode network (DMN).

Finally, to investigate the relationship between “static FC”
and “dynamic FC,” we further compared the static FC strength
(FCS) between the brain regions with increasing FC variabil-
ity (i.e., ROIs in Types 1 and 2) and those with decreasing or
nonsignificantly changed FC variability based on two-sample
t-test. For each brain region, the static FCS was calculated by
summing all the FC weights from the other regions positively
connected to this region at 2 years old. The result showed that
the static FCS of the regions with increasing FC variability is
significantly lower than that of the other regions (t=3.42, P=
0.0004).

Discussions
New Findings of Developmental Patterns of FC
Dynamics

To the authors’ knowledge, this paper provides the first-ever
early development report of brain FC dynamics in the first two
postnatal life. A recently proposed, robust metric measuring

temporal variability of the FC profiles was adopted to evaluate
such FC dynamics (Zhang et al. 2016; Dong et al. 2018). To com-
prehensively and accurately investigate how brain dynamics
develop in early life, we measured the FC temporal variability
from multiple levels and utilized a longitudinal infant natural
sleeping fMRI data with longitudinal data regression model
(LMER), instead of cross-sectional data, to capture their longitu-
dinal developmental trajectories. Similar to previous studies on
static FC development (Gao et al. 2011; Wen et al. 2019), we also
found age-dependent changes in FC dynamics at different levels,
including 1) linearly increased global FC dynamic (Fig. 2a), 2)
reduced intranetwork FC dynamics in two primary systems and
increased FC dynamics in two high-order functional systems
(Fig. 3b), 3) increased internetwork FC dynamics among five
functional subnetworks (Fig. 3c), and 4) a major linearly increas-
ing pattern of the regional FC dynamics in frontal areas (Fig. 4a).
These new findings in our study provide a new view angle of
the rapidly developing brain functions in early life and could
be a good supplement to the previous static FC development
studies.
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Gradually Increased Global Functional Flexibility
in Early Development

Although the FC temporal variability was first calculated for
each region, the whole-brain averaging process still revealed
a significantly increased pattern from neonates to 2 years of
age. Such a global dominance indicates most of the regions
have increased FC dynamics, as both found at a coarse scale
(internetwork FC dynamics, Fig. 3) and a fine scale (regional FC
dynamics, Fig. 4). This finding suggests that the infant’s brain is
globally evolved to be more and more flexible in early life pro-
viding new evidence for the previous theory obtained with task-
related EEG and fMR], that is, the early FC reorganization drives
the brain from a deterministic system to a more stochastic one
(McIntosh et al. 2010). Specifically, the human brain could be
considered as a nonlinear dynamic system functioning at the
“edge of criticality” between diverse brain states or functional
network architectures (Ghosh et al. 2008; Deco et al. 2009, 2011;
McIntosh et al. 2010; Garrett et al. 2011). As the brain matures
during early infancy, the number of possible functional network
configurations (corresponding to resting-state networks, RSNs)
around the stable anatomical framework is increased to respond
various new emerging high-order cognitive functions, such as
self-awareness (Amsterdam 1972), spatial attention (Haith et al.
1988), and working memory (Reznick 2008), and thus the human
brain is bound to be optimized as a more variable system to
ensure the information processing capacity among the increas-
ing number of brain states (Deco et al. 2009; McIntosh et al. 2010).
Despite the absence of external stimuli, the resting-state brain
functional connectome is also dynamically changed because the
internally driven system visits different network configurations
spontaneously (Deco et al. 2011). Thus, with resting-state fMRI,
we found a similar result with those from task-related studies.
The more flexible global FC with age found in our study
also provides additional evidence for previous long-standing
hypothetical models, that is, there exists continuously increased
brain functional organization efficiency at the global level from
birth to early childhood. In Cao et al. (2017), from a connectome
(topology of the entire brain static FC) perspective, they proposed
that the brain networks are changing toward an “organized
and optimized” configuration, with a “strengthening balance
between local and global information processing.” That is, the
local (reflecting functional segregation) and global efficiency
(reflecting functional integration) are increasing at an equal
rate. Similar hypothetic models of the local and global efficiency
development are also reported in another review paper of early
FC development (Zhang et al. 2019) and another study based
on a longitudinal infant fMRI data from a modular perspective
(Wen et al. 2019). Studies on the whole-brain structural connec-
tome revealed increasing integration but decreasing functional
segregation, possibly due to different definitions between FC
and structural connectivity (Yap et al. 2011). Nevertheless, all
these previous studies on the efficiency development are based
on regional-wise paired relationship and topological analysis
of static FC, mostly stronger ones, which generally measures
the “backbone” of the connectome. To better characterize “effi-
ciency,” we proposed a temporal dynamics perspective of effi-
ciency, which further defines regional flexibility (the FC profile
between each region to all other regions changes along time).
Such temporal flexibility may create a transient “shortcut” from
one functional system to another, despite their weak static FC,
to facilitate information flow and exchanges. This speculation is
supported by our finding that the brain regions with increasing
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FC variability tend to have weaker static FC than those with
decreasing or unchanging FC variability. Thus, from the dynamic
perspective, we again validate the hypothesis that there is a
globally increasing trajectory of the connectivity efficiency (in
terms of flexibility), but we also reported a new finding that such
a flexibility change has a linearly increasing pattern, indicating
that the FC flexibility is still under a fast increasing track and
does not reach its peak at 2 years of age.

Different Developmental Trajectories of
Intranetwork FC Flexibility between Primary
and High-Order Subnetworks

The decreased Vyithinnet for VN and SMN but increased
Viithin-net for DMN and VAN provides additional evidence for
different developmental patterns between primary and high-
order functional systems. Such differences among networks
maybe because the primary function-related brain regions
mature earlier than the high-order function-related regions,
similarly revealed by many conventional static FC studies (Gao
et al. 2015a; Gao et al. 2015b; Cao et al. 2017; Gilmore et al. 2018).
Specifically, they found that primary functional networks show
adult-like topologies in preterm and term infants, while higher-
order networks have not been established before the second year
of the postnatal life or even later. This result is also supported
by protracted structural development in the association regions
compared with early matured primary regions. Postmortem
histologic studies of early infancy cortical development revealed
that the period of synaptogenesis in the auditory and visual
sensory areas is completed much earlier than that in high-
order function-related areas (Huttenlocher & Dabholkar 1997).
Due to the formation of synapse occurring concurrently with
dendritic and axonal growth and with myelination of the cortical
WM, previous studies also found much earlier maturation
of short cortico-cortical connections (Kostovi¢ et al. 2014),
dendritic arborizations (Petanjek et al. 2011), and myelination
of cortical afferents and efferents (Gao et al. 2009; Huang et al.
2013) in the primary regions than high-order regions. Such
developmental order in both brain function and structure allows
the resources of the infant brain be focused on primary networks
first as essential for early survival while enabling enriched
development of higher-order function-related networks through
the prolonged postnatal gene-by-environment interactions.
Rather than measuring the properties of the static FCs in
each subnetwork, Vyithin-net €valuates how within-network FC
fluctuates across time, where a larger Vyithin-net value indicates
richer FC patterns possibly underlying more frequent informa-
tion communications among different components in the same
functional systems (Dong et al. 2018). Previous studies on the
adult population have revealed that most of the maturing high-
order functional systems often constitute several subsystems
to mediate different complex functions. For example, the DMN
was found to have multiple functional subnetworks, each of
which may be responsible for distinctive functions (Buckner
et al. 2008; Assaf et al. 2010; Li, Liu, et al. 2013). A meta-analysis
study with task-based activities found that the DMN is func-
tionally heterogeneous, corresponding to different behavioral
metadata and indicating that the DMN is differentially spe-
cialized (Laird et al. 2009). With temporal lag-respected task
fMRI source separation, four different DMN subnetworks were
revealed, each with different spatiotemporal relationships to
different cognitive components (Van De Ville et al. 2012). A recent
dynamic FC study conducted a clustering analysis on transient
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coactivations of rs-fMRI signals and revealed multiple DMN-
related coactivation patterns, each of which indicates a transient
connection between the DMN and other regions from other
networks (Liu and Duyn 2013). Such spatiotemporal flexibility
of the DMN was even observed in a sustained attention task
(Li et al. 2015). Collectively, the coordination and interaction
among different DMN subnetworks are important for the infant
to accomplish more complex tasks, which could be reflected
by the increasing Vyithin-net of the DMN. In the same vein, the
VAN (or, equivalently, salience network) has also been suggested
to have different subsystems (Chand et al. 2017) and could be
heavily involved in mediating the switch between DMN and FPN
(Sridharan et al. 2008; Menon 2011; Nekovarova et al. 2014). Thus,
we speculated that the intranetwork FC within DMN and VAN
are becoming more flexible as their respective subsystem struc-
tures become much clearer along the development to facilitate
high-level cognitive functions.

The reversed developmental trajectories of Vyithin-net Of the
VN and SMN (the only two primary functional subnetworks)
may, on the other hand, indicate increasingly homogeneous FC
architecture of each network along with the development. It is
reasonable because previous studies have found that the brain
functional subnetworks are generally defined according to the
anatomical closeness at birth, but with long-term FC becoming
stronger, they are gradually developed to be spatially distributed
(Yap et al. 2011; Li et al. 2014; Cao et al. 2017; Wig 2017; Gilmore
et al. 2018). As the VN and SMN atlases are defined according to
an adult-based parcellation, they may not well suit for neonates
(also include some regions from other functional subnetworks),
leading to greater variability in their respective within-network
FC. With the increase of age, the VN and SMN become more
and more similar to the adult pattern with more focal spa-
tial distributions and thus generate a smaller FC variability,
reflecting the highly specialized function of each subnetwork.
Another possibility is that the increasing myelination within the
primary networks makes the intranetwork FC within the VN
and SMN much stronger, leading to less freedom for these FCs
to be fluctuating. Such stability of their FC could be due to the
strong within-network FC backbone, which has the ceiling effect,
making the FC fluctuation less possible (Bassett et al. 2013). On
the other hand, the decreasing flexibility could indicate that the
primary sensory functions require more stable FC to maintain
a stable and robust bottom-up information feeding to high-
level functional subnetworks. Yet, such decreasing Vithin-net
of the VN and SMN seems to follow nonlinear (exponential)
trajectories, meaning their Vyiwin-net turns out to be smaller, but
such changes are becoming less and less until the Vithin-net are
stable in later ages. Such earlier stabilized Vyjthin-net changes in
the primary function-related subnetworks versus the possibil-
ity of prolonged changes in the high-order functional systems
again show fundamental differences between the two types of
functional systems.

Increased Internetwork FC Flexibility

We found that nearly all the significantly changed Vpetween-net
are linearly increasing (more flexible and diverse) with age.
If not counting the LN/SN and VN, all the Vpetween-net among
the rest of the five subnetworks (SMN, DAN, DMN, FPN, and
VAN) are increasing with age. This indicates that internetwork
information communication becomes more frequent and more
active in the first 2 years of age. For example, the VAN, FPN,
and DMN that are involved in a “triple network” hypothetic

model (Menon 2011) showed linear increases in their pairwise
Vbetween-net- 1t has been proposed that such three networks
are the “core” neurocognitive networks and their functional
interactions are important for complex, high-order cognitive
functions (Menon 2011) and could be responsible for psychiatric
and neurological disorders, such as depression (Berman et al.
2011), schizophrenia (Palaniyappan et al. 2011), and dementia
(Zhou et al. 2010; Yu et al. 2017). Recently, researchers have found
that the dynamic network switch supports flexible attention
(mainly via DAN and VAN) and cognitive control (mainly via
FPN) to meet time-varying changes in cognitive demand, and
the loss of such optimized dynamics may lead to poor task
performance in a decision-making task (Taghia et al. 2018).
Such flexibility among the three networks could be associ-
ated with attention-deficit/hyperactivity disorder (ADHD) (Cai
et al. 2018) and schizophrenia (Supekar et al. 2019). Similarly,
another study from the “modular” perspective also found the
relationships between the three core networks and the learn-
ing ability (Bassett et al. 2011) in healthy subjects and with
the pathophysiology of schizophrenia (Braun et al. 2016). It is
worth noting that a previous static FC-based study has identified
significant changes in the averaged internetwork FC strength
between the VAN and DMN and between the FPN and DMN, but
not between the VAN and DMN (Gao et al. 2015b). Our finding
of all increasing Vipetween-net among the three core networks
gives the first evidence that interactions among these three
networks are also very important for supporting the remarkable
development of complex cognitive abilities throughout devel-
opment during early infancy. The use of dynamic FC further
increases the sensitivity in the detection of developing internet-
work functional interactions. As such, all high-order function-
related subnetworks have increased Vpetween-net i the first 2
years of age.

Another interesting finding is that the SMN has increasing
Vpetween-net With all the other four high-order cognitive function-
related subnetworks (DAN, VAN, DMN, and FPN) but had decreas-
ing Viithin-net itself. We tentatively interpreted such a result
as differently developed functional integration and segregation
from a dynamic viewpoint. For within-SMN FC, the connec-
tivity becomes stable while gaining its strength to make sen-
sory inputs and motor outputs interact and coordinate better
(more stable) and less affected by other factors. However, the
input sensory information needs to be spread and further pro-
cessed in high-order functional subnetworks such as DAN, VAN,
DMN, and FPN, and the motor performance could be highly
modulated and adaptively controlled by these high-order func-
tional subnetworks (Hutchison et al. 2013; Calhoun et al. 2014).
During early development, the increasingly adaptive ability of
the brain is to better fit for or response to the moment-to-
moment changes in the environment, as well as time-varying
attention and task control demands during the conduct of com-
plex cognitive functions, all of which requires timely response
and continuous preparedness at different attention levels. The
increasing Vpetween-net 0f the SMN suggests richer FC patterns
underlying feedback and feed-forward interactions between it
and other high-order functional subnetworks (Dong et al. 2018),
which may allow infants to carry out more and more complex
tasks (Reddy et al. 2018). Combing with the heightened stability
(decreased Viithin-net) of FC within the SMN, we speculated that
the increased dynamic reconfigurations between SMN and high-
order networks may due to the enhanced ability of infants for
integrating internal and external sensory and perception input
to achieve the rapid development of complex functions.
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Heterogeneous Developmental Trajectories of Brain
Regions’ FC Dynamics

The measurement of regional FC variability at the finest scale
provides us a more detailed picture of the rapidly developing
brain dynamics. As shown in Figure 2b (cross-sectional) and
Figure 4a (longitudinal), convergent evidence show complex
spatiotemporal changes in the flexibility of FC architecture
across ages. Generally, those with decreasing FC flexibility
are located at the inferior part of the brain, while those with
increasing FC flexibility were widely distributed at the anterior
and superior part of the brain. This is consistent with the
previous finding of the development order of brain functions,
that is, from posterior to anterior, from inferior to superior, and
from medial to the lateral areas (Gao et al. 2015a).

The diverse developmental trajectories of brain regions’ tem-
poral FC variability indicate there are regional differences in the
development of functional connections. Specifically, many brain
regions in Type 1 (i.e., regions with linearly increased FC variabil-
ity) and Type 2 (i.e., regions with nonlinearly increased FC vari-
ability) are located at the frontal association areas, suggesting an
unestablished reorganization of FC architecture in these areas
at 2 years old. Many of these regions are proposed to serve as a
bridge for information exchange and integration among differ-
ent functional subsystems (Wen et al. 2019). They receive inputs
from all other cortical regions for various higher-order functions,
such as planning and directing motor, cognitive, affective, and
social behavior across time (Kolb et al. 2012). Their prolonged
development allows for acquiring these complex cognitive abil-
ities through experience. The structure backbone underlying
such a function-related finding of the frontal associative areas is
their late-delayed neuronal maturation, including synaptogen-
esis (Huttenlocher and Dabholkar 1997), synaptic pruning (Hut-
tenlocher and Dabholkar 1997), and dendritic growth (Petanjek
et al. 2011). All these protracted microscopic structural develop-
ment may altogether manifest as increasing functional flexibil-
ity. For example, the difference in the timing of overproduction
and elimination of synapses could affect the timing of the plas-
ticity or flexibility of these regions. The later a region’s synaptic
reorganization completes, the longer the region remains plastic
and the more flexible its FC organization will be. For the primary
regions, the pruning effect could happen earlier, making their FC
shape to a more efficient, more matured, and less flexible status.

Additionally, we found that the number of brain regions with
linearly increased FC variability (51 ROIs) is much more than
those with nonlinearly increased variability (6 ROIs), suggest-
ing that most of the complex cognitive functions have pro-
tracted development at later ages. The frontal areas are gen-
erally split into two categories; the Type 1 category (linearly
increase) mainly covered the inferior and the superior frontal
areas with functions like self-awareness (Goldberg et al. 2006)
and motor planning (Grier 2005), while the Type 2 category
(nonlinearly increase with earlier saturation) mainly sits at the
ventral precentral areas (mouth, tongue, and laryngeal move-
ments). These results suggest that the language-related motor
functions may have been largely in place by the end of 2 years
old, while other more complex functions such as language pro-
duction, movement preparation, initialization, and control could
continue to be developing at later ages.

Techniques Considerations, Limitations, and Future
Directions

Several technical considerations, limitations, and future
directions deserve further discussion. First, large voxels in the
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rs-fMRI data may worsen the partial volume effect in infant
studies due to relatively small infant brains. Although the ROI-
based strategy could largely alleviate such an effect, the final
solution will be high-resolution fMRI. For instance, an ongoing
Baby Connectome Project (BCP) has been collecting infant fMRI
data with a high spatial resolution (voxel size=2 x 2 x 2 mm?)
by implementing a multiband echo-planar imaging sequence
(Howell et al. 2019). A future study can investigate the effect
of spatial resolution based on this dataset. Second, our study
adopted an adult-based template to define functional subnet-
works for infants rather than constructing infant-dedicated
templates for different age groups. While the functional
subsystems are basically in place by the 2 year of life, the brain
is continually developing by fine-tuning and those subsystems
are yet to mature (Cao et al. 2017; Gilmore et al. 2018). In the
future, it is necessary to construct a set of age-specific infant-
dedicated network parcellation templates. Third, mounting
evidence has been indicating that human brain dynamics are
important for predicting cognitive functions (Bassett et al. 2011;
Bassett and Mattar 2017). Due to the limited sample size, we
could not perform such an association or prediction study with
sufficient statistical power. It warrants further investigations
with a better-designed data acquisition protocol, such as that
in the BCP (Howell et al. 2019). Finally, another urgent study in
the human brain is to uncover the structural substrates of the
FC dynamics and the development of such neural substrates,
such as how dendritic and axonal growth, myelination, and
reorganization of cortical layers could shape FC flexibility. This
topic requires further dedicated study on animal models with
combined imaging techniques focusing on different scales.

Conclusions

In this study, we provided a first-ever comprehensive report
of how brain functional dynamics develop in the first 2 years
after birth at different spatial scales. Our results indicate that
the brain is becoming increasingly flexible, dynamic, and adap-
tive with complex spatiotemporal developmental patterns. The
unraveled detailed changes in the brain functional dynamics
pave a road for the future works for a better understanding of
infant brain development in the chronnectome perspective.
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Supplementary material can be found at Cerebral Cortex online.
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