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a b s t r a c t
The default-mode network (DMN) is a set of functionally connected regions that play crucial roles in internal
cognitive processing. Previous resting-state fMRI studies have demonstrated that the intrinsic functional organization of the DMN undergoes remarkable reconﬁgurations during childhood and adolescence. However, these
studies have mainly focused on cross-sectional designs with small sample sizes, limiting the consistency and interpretations of the ﬁndings. Here, we used a large sample of longitudinal resting-state fMRI data comprising 305
typically developing children (6–12 years of age at baseline, 491 scans in total) and graph theoretical approaches
to delineate the developmental trajectories of the functional architecture of the DMN. For each child, the DMN
was constructed according to a prior parcellation with 32 brain nodes. We showed that the overall connectivity
increased in strength from childhood to adolescence and became spatially similar to that in the young adult group
(N = 61, 18–28 years of age). These increases were primarily located in the midline structures. Global and local
network eﬃciency in the DMN also increased with age, indicating an enhanced capability in parallel information communication within the brain system. Based on the divergent developmental rates of nodal centrality, we
identiﬁed three subclusters within the DMN, with the fastest rates in the cluster mainly comprising the anterior
medial prefrontal cortex and posterior cingulate cortex. Together, our ﬁndings highlight the developmental patterns of the functional architecture in the DMN from childhood to adolescence, which has implications for the
understanding of network mechanisms underlying the cognitive development of individuals.

1. Introduction
The default-mode network (DMN) is a set of brain regions that consistently deactivate in external attention-demanding tasks (e.g., selective
attention to external stimuli), including the posterior cingulate cortex
(PCC)/precuneus, medial prefrontal cortex (mPFC), inferior parietal lobule, lateral temporal cortex, and hippocampal regions (Buckner et al.,
2008; Buckner and DiNicola, 2019; Gusnard et al., 2001; Raichle, 2015;
Raichle et al., 2001; Shulman et al., 1997). These regions are activated
during internal mental processes, such as recalling autobiographical

and episodic memories (Andrews-Hanna et al., 2014; Buckner et al.,
2008), envisioning the future (Gilbert and Wilson, 2007), and making social inferences (Spreng et al., 2009). Resting-state functional MRI
(rsfMRI) studies in healthy adults have revealed that the DMN regions
are tightly functionally connected into a network (Fox et al., 2005;
Greicius et al., 2003). These regions usually show a large number of
functional connections and serve as functional hubs for global integration across the whole brain (Buckner et al., 2009; Liang et al., 2013;
Liao et al., 2013; van den Heuvel and Sporns, 2013). Moreover, DMN
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connectivity strength is positively correlated with individual cognitive
performances (e.g., working memory, autobiographical memory, attention, and language) (Hampson et al., 2006; Liu et al., 2017; Mevel et al.,
2013; Persson et al., 2014; Prakash et al., 2012; Sambataro et al., 2010;
Yang et al., 2013). Intriguingly, rather than being a single monolithic
network as originally envisaged, the DMN consists of at least two subnetworks with specialized roles, including the separation of the ventral medial posterior cortex and medial temporal lobe (MTL) from other regions
(Andrews-Hanna et al., 2010; Braga and Buckner, 2017; Braga et al.,
2019; Buckner and DiNicola, 2019); this provides insights into the understanding of DMN subsystems that underlie diﬀerent cognitive processes.
During childhood and adolescence, children rapidly develop their
cognitive, emotional, and social capabilities (Bhana, 2010). They
make important strides in internal mentation, including self-awareness
(Rochat, 2011), autobiographical memory (Given-Wilson et al., 2018),
moral judgment (Cushman et al., 2013), and theory of mind (Devine and
Hughes, 2013; Dumontheil et al., 2010; O’Connor and Evans, 2019).
Moreover, early adolescents experience “social reorientation”, associated with increasing sensitivity to social cues and peer relationships
and enhanced social learning ability in external cultures (Nelson et al.,
2005). Improvements in these cognitive and social capabilities parallel
the developmental reﬁnements of the structural and functional organization within the brain (Blakemore et al., 2010; Casey et al., 2000;
Sato et al., 2008). During this period, the brain’s functional networks
reconﬁgure from an anatomical-dominant structure to a distributed architecture (Fair et al., 2009), and functional hubs show strengthening
connectivity strength (Hwang et al., 2013), suggesting increased functional integration during development. Considering that the DMN is
closely related to internal mentation activity and social domain functions (Blakemore, 2008; Buckner and DiNicola, 2019; Raichle, 2015;
Spreng et al., 2009), exploring the development of the functional organization of the DMN during childhood and adolescence will shed light
on the neural mechanisms supporting individual cognitive development.
Several studies have investigated how the functional connectivity
within the DMN develops in diﬀerent age groups (de Bie et al., 2012;
Fair et al., 2008; Rebello et al., 2018; Sato et al., 2014; Sherman et al.,
2014; Xiao et al., 2016). The connectivity strength within the DMN is
greater in older children than in younger children during childhood
and adolescence (de Bie et al., 2012; Fair et al., 2008; Rebello et al.,
2018; Sato et al., 2014; Sherman et al., 2014; Xiao et al., 2016) and
is greater in adults than in children (Fair et al., 2008). Using a prior
parcellation comprising three DMN subsystems, a recent study revealed
subsystem inhomogeneity in development, wherein the MTL subsystem
showed stronger functional connectivity strength in 5-year-old children
than in 3-year-old children, but the other two subsystems showed no
signiﬁcant changes (Xiao et al., 2016). These studies provide crucial
evidence for the enhanced functional integration and subsystem development within the DMN with increasing age. However, it should be
noted that most of these studies employed a cross-sectional design, a
small sample size (< 100), or narrow age ranges and that the interpretations of the ﬁndings should be treated with caution. To date, only one
study has employed a longitudinal task-related fMRI dataset comprising
45 children (10–13 years old) and focused on the age-related changes in
the functional connectivity of one region (i.e., the PCC) within the DMN
(Sherman et al., 2014). A longitudinal study with a larger sample size
is necessary to reduce the confounding eﬀects of individual variability
and improve statistical power (Bernal-Rusiel et al., 2013; Gaspar et al.,
2015; Newman, 2010) and would provide a better description of the
developmental trajectories of the DMN.

NeuroImage 226 (2021) 117581

Here, we investigated the development of the functional architecture
of the DMN from childhood to adolescence based on a large longitudinal
rsfMRI sample comprising 305 children (6–12 years of age at baseline,
491 scans). We also included a sample of 61 young adults (18–28 years
of age) for cross-sectional comparisons. A linear mixed model was used
to characterize the age-related continuous change, which is applicable to
the case of missing time points while simultaneously accounting for variability within and across participants (Kutluturk Karagoz et al., 2019;
Laird and Ware, 1982). In the present study, we ﬁrst constructed individual functional networks within the DMN comprising 32 nodes and then
characterized the development of functional connectivity strength and
topological properties using the graph theoretical approach. We investigated the regional heterogeneity in the developmental rate of degree
centrality (i.e., total connectivity strength attached to a region), which
was used to further identify subclusters within the DMN. We hypothesize that 1) the DMN becomes a more integrated and eﬃcient network
from childhood to adolescence, manifested in connectivity, global and
regional properties; and 2) several subclusters of the DMN can be detected based on the divergent developmental rates in regional functional
connectivity.
2. Materials and methods
2.1. Participants
We used a longitudinal rsfMRI dataset comprising 360 typically developing children aged 6.1–12.9 years (F/M = 163/197) from the Children School Functions and Brain Development project (CBD, Beijing Cohort). Some of these children underwent repeated MRI scans with an
interval of approximately one year, leading to 643 MRI scans in total.
All children were recruited from primary schools in Beijing and were
cognitively normal, assessed by a well-validated Chinese standardized
cognitive ability test (Dong and Lin, 2011). Exclusion criteria included
signiﬁcant physical illness or head injury and a history of neurological/psychiatric disorders. The children were prohibited from taking any
drugs or caﬀeine on the day of the behavioral tests and MRI scans. After
data quality control, 152 rsfMRI scans were excluded due to T1 artifacts
(N = 40), ﬁeld map errors (N = 6), excessive head motion (N = 94),
and “bad” time points (N = 12) (for details, see data preprocessing). Finally, rsfMRI data of 305 children (6.2–12.4 years of age at baseline,
F/M = 143/162, 491 scans in total, Fig. 1A) remained, wherein 3 scans
were available for 47 children (F/M = 31/16), 2 scans were available
for 92 children (F/M = 47/45) and 1 scan was available for 166 children (F/M = 65/101). To compare with adults, we additionally used an
rsfMRI dataset comprising 62 healthy young adults (F/M = 37/25, 22.4
± 2.4 years of age, range: 18.1–28.8 years), which was also collected by
the project using the same procedure with the children. All adult participants were recruited through advertisements in Beijing. The exclusion
criteria were the same as those for children. One adult was excluded due
to ﬁeld map error, and 61 adults (F/M = 37/24, 18.1–28.8 years of age)
ultimately remained. All the children’s parents/guardians and the adults
provided written informed consent approved by the Ethics Committee
of Beijing Normal University.
2.2. Image acquisition
Multimodal MRI data were collected in a Siemens Prisma 3T MRI
scanner with a 64-channel head coil at Peking University, Beijing.
During the scanning, foam pads were used to reduce the head motion of participants. The rsfMRI data were obtained with an echo-
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Fig. 1. Children’s age at MRI scans and nodal deﬁnition of the default-mode network (DMN). (A) Children’s age at MRI scans. Each dot denotes one
child at each scan. Each line connects the repeated scans of the same individual. (B) Thirty-two DMN nodes obtained from a prior atlas provided in
Kernbach et al. (2018) (https://identiﬁers.org/neurovault.collection:3434). In the prior parcellation, the spatial locations of the dmPFC and vmPFC partially overlapped. We removed the overlapping regions (i.e., ventral areas) from the dmPFC and obtained the modiﬁed nodes of the dmPFC. dmPFC, dorsal medial prefrontal
cortex; vmPFC, ventromedial prefrontal cortex; PMC, posteromedial cingulate cortex; TPJ, temporoparietal junction; MTG, middle temporal gyrus; HC, hippocampus.

planar imaging sequence with the following parameters: repetition time
(TR) = 2000 ms, echo time (TE) = 30 ms, ﬂip angle (FA) = 90°, ﬁeld of
view (FOV) = 224 × 224 mm2 , matrix size = 64 × 64, axial slices = 33,
thickness/gap = 3.5/0.7 mm, and volumes = 240 (8 min). During rsfMRI
scanning, participants were instructed to relax and ﬁxate on a bright
cross-hair centered in the scanner screen. Prior to the rsfMRI scanning,
the ﬁeld map was acquired using a 2-dimensional dual gradient-echo
sequence: TR = 400 ms, TE1 = 4.92 ms, TE2 = 7.38 ms, FA = 60°,
FOV = 224 × 224 mm2 , matrix size = 64 × 64, axial slices = 33, and
thickness/gap = 3.5/0.7 mm. T1-weighted structural images were acquired using a sagittal 3D-magnetization prepared rapid acquisition gradient echo (MPRAGE) sequence: TR = 2530 ms, TE = 2.98 ms, inversion time = 1100 ms, FA = 7°, FOV = 256 × 224 mm2 , matrix size =
256 × 224, slice thickness = 1 mm, and scan time = 5 min and 58 s.
2.3. Data preprocessing
For each child, functional data preprocessing was carried out using
SPM12 (https://www.ﬁl.ion.ucl.ac.uk/spm) and DPABI 3.0 (Yan et al.,
2016). We ﬁrst performed the removal of the ﬁrst 10 volumes, slice
timing correction, ﬁeld map-based distortion correction and head motion correction. Ninety-four scans were excluded due to excessive head
motion, with the maximal displacement above 3 mm, the maximal rotation above 3° or a mean framewise displacement (FD) across time
(Power et al., 2012) greater than 0.5 mm. Twelve scans with more
than 50 “bad” time points were further discarded, where the “bad” time
points were deﬁned as those with FD above 0.5 mm. Then, the individual functional images were coregistered with the T1 image and spatially
normalized to a custom pediatric template. Speciﬁcally, the spatial normalization procedure was performed with four steps: i) the individual
T1 images were segmented into gray matter, white matter, and cerebrospinal ﬂuid tissue maps using the Chinese Pediatric Atlases (CHN-PD)
(6–12 years) (Zhao et al., 2019) (https://www.nitrc.org/projects/chnpd) as a reference; ii) the resulting spatially normalized tissue maps
(i.e., gray matter, white matter, and cerebrospinal ﬂuid maps) in CHNPD space were separately averaged across all the scans to generate the
custom tissue templates; iii) the individual T1 images were segmented

again with the custom tissue templates as a reference; and iv) the individual functional images were spatially normalized to the custom space
by applying transformation parameters estimated during the second T1
segmentation and were resampled to 3-mm isotropic voxels. The spatially normalized images were smoothed with a Gaussian kernel with
a full-width half maximum value of 4 mm. Next, we performed linear detrend and nuisance signal regression, during which 24-parameter
head motion parameters (Friston et al., 1996), “bad” time points with
FD above 0.5 mm, white matter, cerebrospinal ﬂuid, and global brain
signals were included as covariates. Twelve scans were further excluded
due to an excessive proportion of “bad” time points (i.e., more than 50
“bad” time points). Finally, temporal bandpass ﬁltering (0.01–0.1 Hz)
was performed.
For the adult group, rsfMRI data were preprocessed in the same way
as those of the children except for the spatial normalization procedure,
wherein the head motion corrected functional images were spatially normalized to Montreal Neurological Institute (MNI) space with a priori
tissue maps provided in SPM12 as a reference.
2.4. Functional connectivity analysis of the DMN
Previous studies have pointed out that there are strong autocorrelations between the time series of a voxel and its neighbors, which may
bias the estimation of voxelwise functional connectivity (Wig et al.,
2011). To reduce the potential inﬂuence of autocorrelations and improve the reliability of the ﬁndings, we constructed the DMN at the
regional level instead of using the voxelwise approach. To characterize
the interregional functional connectivity within the DMN, we deﬁned
32 nodes of interest according to a prior parcellation (Kernbach et al.,
2018) (Fig. 1B), including 4 nodes in the dorsal medial prefrontal cortex (dmPFC), 6 nodes in the ventromedial prefrontal cortex (vmPFC), 4
nodes in the posteromedial cingulate cortex (PMC), 4 nodes in the bilateral temporoparietal junction (TPJ), 6 nodes in the bilateral middle
temporal gyrus (MTG), and 8 nodes in the bilateral hippocampus (HC).
Since there are partial overlaps between the dmPFC and vmPFC nodes
in the prior parcellation, we removed the overlapping areas (i.e., ventral
areas) from the dmPFC and obtained four new dmPFC nodes. Of note,
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for the children, the prior parcellation in MNI space was transformed
into the children’s custom space by applying parameters determined by
normalizing the prior T1 template in MNI space (provided in SPM12) to
the children-speciﬁed T1 template.
Based on the above procedure, we examined the functional connectivity patterns among the 32 nodes in the DMN for each scan of each
individual. Brieﬂy, we extracted the mean time course for each node and
estimated the individual DMN functional connectivity matrices (i.e., a
32 × 32 matrix) by calculating the pairwise Pearson’s correlation coeﬃcient between nodal time courses. Next, we estimated the mean connection strength within the DMN to characterize the overall connectivity
strength. We also estimated the spatial similarity of functional connectivity patterns in the children with the representative pattern (i.e., the
group-averaged pattern) of the adult group to quantify the maturation
extent of the overall connectivity pattern. For each child, the spatial similarity with the adults’ pattern was measured by Pearson’s correlation
coeﬃcients across all the lower triangular elements between two connectivity matrices of interest. To characterize the changes in the functional connectivity patterns during development, we estimated the age
eﬀect on connectivity strength using a linear mixed model (for details,
see “Statistical analysis”). For connectivities showing signiﬁcant age effects, we also examined the potential inﬂuence of internode Euclidean
distance on developmental changes.

i) Global metrics. We calculated the global eﬃciency (Eglob ) and local
eﬃciency (Eloc ) (Latora and Marchiori, 2001; Onnela et al., 2005) of
the DMN. Eglob represents the eﬃciency of the parallel information
transfer among all possible pairs of nodes in the network. Given a
network G, Eglob is deﬁned as follows:
(1)

where Lij is the shortest path length between node i and node j in network G, and N denotes the number of nodes in the DMN (i.e., N = 32).
Eloc measures the communication eﬃciency among the nearest neighbors of a node when it is removed, which captures the fault tolerance of
the network. Given a network G, Eloc is deﬁned as follows:
1 ∑
𝐸𝑙𝑜𝑐 (𝐺) =
𝐸 (𝐺 ),
𝑁 𝑖∈𝐺 𝑔𝑙𝑜𝑏 𝑖

where Lij is the shortest path length between node i and node j in the
network.
2.6. Statistical analysis
i) Eﬀects of age on network properties in children. To quantify the eﬀects
of age on the measurements of interest (i.e., connectivity strength,
connectivity pattern similarity, and network metrics), we used a linear mixed model (Laird and Ware, 1982), which can characterize the
age-related continuous change and is applicable to instances of missing time points. Considering the potential linear or quadratic eﬀects
of age, we employed two types of statistical models, which separately included the linear and quadratic terms as the highest order
terms. Sex and mean FD were included as covariates in the models.
Speciﬁcally, the linear model is deﬁned as follows:
𝑌𝑖𝑗 = 𝛽0 + 𝑏𝑖 + (𝛽𝑎𝑔𝑒 + 𝑏𝑎𝑔𝑒,𝑖 )𝑎𝑔 𝑒𝑖𝑗 + 𝛽𝑠𝑒𝑥 𝑆𝑒𝑥𝑖 + 𝛽𝑚𝐹 𝐷 𝑚𝐹 𝐷𝑖𝑗
+𝜀𝑖𝑗 , 𝑖 = 1, 2, … , 𝑁

(5)

The quadratic model is deﬁned as follows:

+𝛽𝑚𝐹 𝐷 𝑚𝐹 𝐷𝑖𝑗 + 𝜀𝑖𝑗 , 𝑖 = 1, 2, … , 𝑁

To characterize the topological properties of the DMN, we estimated
several of its global and nodal network metrics. Prior to the network
analysis, we generated individual weighted functional networks by applying a correlation threshold rth of 0.2 to remove the spurious correlations. To assess the potential inﬂuence of the correlation threshold on
the brain network topology, we also considered two other thresholds
(i.e., 0.1 and 0.3) in the validation analysis.

∑ ∑ 1
1
,
𝑁(𝑁 − 1) 𝑖∈𝐺 𝑗≠𝑖∈𝐺 𝐿𝑖𝑗

(4)

𝑌𝑖𝑗 = 𝛽0 + 𝑏𝑖 + (𝛽𝑎𝑔𝑒1 + 𝑏𝑎𝑔𝑒,𝑖1 )𝑎𝑔 𝑒𝑖𝑗 + (𝛽𝑎𝑔𝑒2 + 𝑏𝑎𝑔𝑒,𝑖2 ) 𝑎𝑔𝑒2𝑖𝑗 + 𝛽𝑠𝑒𝑥 𝑆𝑒𝑥𝑖

2.5. Network topology analysis of the DMN

𝐸𝑔𝑙𝑜𝑏 (𝐺) =

i, the nodal eﬃciency Enodal (i) is deﬁned as follows:
∑ 1
1
𝐸𝑛𝑜𝑑𝑎𝑙 (𝑖) =
,
𝑁 − 1 𝑗≠𝑖∈𝐺 𝐿𝑖𝑗

(2)

where Gi denotes the subgraph composed of the nearest neighbors of
node i.
ii) Nodal metrics. We ﬁrst quantiﬁed the topological importance of
nodes using degree centrality, the most common metric of nodal centrality, to characterize the straightforward inﬂuence of nodes in the
network (van den Heuvel and Sporns, 2013). In the weighted network, degree centrality is deﬁned as follows:
∑
𝐷𝐶𝑛𝑜𝑑𝑎𝑙 (𝑖) =
𝑊𝑖𝑗 ,
(3)
𝑖≠𝑗∈𝐺

where 𝑊𝑖𝑗 is the connectivity strength between nodes i and j. A node
with high degree centrality means that this node interacts with many
other nodes in the network. In addition, we computed the nodal eﬃciency (Achard and Bullmore, 2007) for each node to characterize the
regional capability in parallel information communication. Given a node

(6)

In these two equations, Yij represents the measurement of subject
i at the jth scan, 𝛽𝑎𝑔𝑒 represents the ﬁxed age eﬀect, bage,i represents
the random eﬀect, and 𝜀𝑖𝑗 represents the residual. To determine which
model (i.e., the linear or quadratic model) better captures the age eﬀects,
we used the Akaike information criterion (AIC) value (Akaike, 1974) to
select the best-ﬁt model. The AIC index reﬂects a trade-oﬀ between the
likelihood and simplicity (i.e., independent variables) of a model. In
accordance with Akaike’s theory, the model with the lower AIC value
was chosen as the optimal model. To correct for multiple comparisons,
we used a false discovery rate (FDR) procedure. A q value of 0.05 was
determined for the age eﬀect on connectivity strength, nodal degree,
and nodal eﬃciency.
ii) Sex eﬀects. To explore the sex diﬀerence in the DMN topology and
the developmental changes, we utilized the following linear mixed
model, which included sex and age-by-sex interaction terms as predictors:
𝑌𝑖𝑗 = 𝛽0 + 𝑏𝑖 + (𝛽𝑎𝑔𝑒 + 𝑏𝑎𝑔𝑒,𝑖 )𝑎𝑔 𝑒𝑖𝑗 + 𝛽𝑠𝑒𝑥 𝑠𝑒𝑥𝑖 + 𝛽𝑎𝑔𝑒∗𝑠𝑒𝑥 (𝑎𝑔 𝑒𝑖𝑗 ∗ 𝑠𝑒𝑥𝑖 )
+𝛽𝑚𝐹 𝐷 𝑚𝐹 𝐷𝑖𝑗 + 𝜀𝑖𝑗 , 𝑖 = 1, 2, ..., 𝑁

(7)

Similar to the age eﬀect analysis, the signiﬁcant eﬀects of sex and
age-by-sex interaction were also assessed using the FDR procedure
(q < 0.05) to correct for multiple comparisons.
iii) Group comparisons of children vs. adults. To examine how the measurements showing signiﬁcant eﬀects of age diﬀered between the
children and the adults, we further performed a two-sample t-test
between the two groups. Since some children underwent repeated
rsfMRI scans during the longitudinal design, only the measurements
at baseline were included during the two-sample t-test analysis to
exclude the potential correlation between samples.
2.7. Identifying DMN subclusters using developmental rates of nodal
centrality
Previous studies have suggested regional heterogeneity of the DMN
in development (Xiao et al., 2016), indicating the potential functional
specialization in DMN development. To identify the DMN subclusters
with similar developmental rates, we used a data-driven k-means clustering algorithm (Seber, 2009). The developmental rate (beta value) of
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Fig. 2. Development of DMN functional connectivity in children from 6 to 14 years old. (A) Developmental trajectories of the mean connectivity strength (left panel)
and the spatial similarity of the connectivity pattern with the adults (right panel). In both panels, the dots represent the adjusted values of each child after regressing
out sex and head motion. The boxplot in the left panel illustrates the median (horizontal line), 25th and 75th percentiles (box) and nonoutlier range (whiskers)
for the adjusted values in the adult group. Signiﬁcantly higher connectivity strength was observed in the adults than in the children. (B) Spatial distributions of
signiﬁcantly changed functional connectivities. Red and blue colors represent signiﬁcant age-related increases and decreases, respectively. Line thickness represents
the signiﬁcance level of the age eﬀect in terms of [–log10(p)]. Multiple comparisons were corrected using the FDR method with a signiﬁcance level of q < 0.05.
(C) Scatter plot of the age eﬀect versus interregional Euclidean distance. (D) Scatter plot of the age eﬀect versus the group diﬀerence between the children and the
adults.

each DMN nodal degree was set as the clustering feature, and the distance between any two regions was deﬁned as the Euclidean distance
between their beta values. Given a cluster number, ten repetitions with
diﬀerent random initial cluster centroids were performed in the k-means
clustering algorithm to minimize the eﬀect of the initial condition. Here,
we considered cluster numbers that ranged from 2 to 10, since a cluster number greater than 10 was counterintuitive for a DMN with 32
nodes. The optimal number of clusters was determined by a winnertake-all approach across 23 eﬀective indices using the NbClust package
(Charrad et al., 2014). All of these indices were separately used to assess
diﬀerent aspects of the quality of the clustering.
In the main analysis, the clustering procedure was performed with
the developmental rates of within-DMN degree centrality included as
the features. To take into account the potential inﬂuence of other brain
networks on the functional specialization of the DMN, we performed an
additional k-means clustering analysis in which the clustering features
were set as the developmental rates of the whole-brain degree centrality
of DMN nodes. Given a node of interest, its whole-brain degree centrality
was deﬁned as the sum of the functional connectivity strength of this
region with all the other gray matter voxels. A correlation threshold of
0.2 was used to discard the potential spurious connectivities (for details,
see Supplementary Materials).
All network topology analyses were performed using GRETNA
(www.nitrc.org/projects/gretna) (Wang et al., 2015), and the results were visualized on the brain surface using BrainNet Viewer
(www.nitrc.org/projects/bnv) (Xia et al., 2013).

3. Results
3.1. Development of DMN functional connectivity in children
First, we examined the overall development of DMN functional connectivity during childhood and adolescence. Using a linear mixed model,
we found that the mean connectivity strength of the DMN increased linearly with age (t = 2.35, p = 0.02, Fig. 2A). The mean connectivity
strength of the DMN in children was signiﬁcantly lower than that in the
adults (t = −9.39, p < 0.0001). Furthermore, we found that the functional connectivity matrices of the DMN in children showed high spatial similarity with those of the adults (Pearson’s r: 0.43 to 0.83), and
the similarity increased linearly with age (t = 2.07, p = 0.04, Fig. 2A).
These results suggest that both the overall connectivity strength and the
spatial pattern of the DMN showed consistent developmental changes
from childhood to adolescence to young adulthood.
Then, we assessed the eﬀects of age on the functional connectivity
strength for each pair of DMN nodes and observed signiﬁcant linear effects. Speciﬁcally, age-related increases in connectivity strength were
mainly located between the midline brain structures (e.g., between the
dmPFC and PMC and between the dmPFC and vmPFC) and between
PMC and MTG nodes (q < 0.05, FDR corrected, Fig. 2B and Table 1). Agerelated decreases in connectivity were mainly located between the right
anterior TPJ and bilateral hippocampus and between the left anterior
TPJ and PMC (Fig. 2B and Table 2). We further explored the potential
inﬂuence of internode distance on developmental changes. The intern-
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Table 1
Age-related increases in functional connectivities during childhood and adolescence.
Region
dmPFC-1
dmPFC-4
dmPFC-4
L.MTG-2
R.HC-1
dmPFC-1
dmPFC-1
PMC-4
dmPFC-4
L.MTG-1
R.vmPFC-1
dmPFC-4
dmPFC-2
dmPFC-2
PMC-3
dmPFC-2
dmPFC-2
L.vmPFC-3
R.HC-1
PMC-3
R.HC-3
R.vmPFC-1
R.HC-5
dmPFC-2
PMC-4
dmPFC-3
dmPFC-3
R.HC-5
dmPFC-1
R.vmPFC-3
PMC-3
R.MTG-2
L.vmPFC-2
dmPFC-3
dmPFC-3
R.HC-1
R.MTG-1
L.MTG-2

Region
R.vmPFC-2
L.vmPFC-2
PMC-3
L.HC-1
L.MTG-2
L.vmPFC-2
PMC-3
PMC-3
L.vmPFC-1
L.HC-1
L.vmPFC-3
R.vmPFC-1
L.vmPFC-2
PMC-3
L.HC-3
L.vmPFC-1
R.vmPFC-2
L.TPJ-2
PMC-3
L.vmPFC-3
PMC-3
R.HC-5
PMC-3
R.vmPFC-1
L.vmPFC-1
L.vmPFC-1
PMC-3
L.vmPFC-2
R.vmPFC-1
L.vmPFC-1
L.HC-1
R.HC-1
L.HC-3
R.vmPFC-1
L.vmPFC-2
L.MTG-1
PMC-3
L.HC-3

t value
5.20
4.57
4.17
4.06
4.00
4.00
3.89
3.87
3.75
3.75
3.73
3.73
3.70
3.68
3.67
3.65
3.61
3.60
3.57
3.43
3.40
3.37
3.30
3.25
3.24
3.22
3.13
3.13
3.12
3.09
3.08
3.01
2.99
2.98
2.85
2.84
2.84
2.82

p value
2.97 ×
6.27 ×
3.59 ×
5.80 ×
7.19 ×
7.37 ×
1.15 ×
1.25 ×
1.98 ×
2.00 ×
2.11 ×
2.16 ×
2.42 ×
2.59 ×
2.67 ×
2.86 ×
3.35 ×
3.55 ×
3.98 ×
6.60 ×
7.27 ×
8.03 ×
0.001
0.001
0.001
0.001
0.002
0.002
0.002
0.002
0.002
0.003
0.003
0.003
0.005
0.005
0.005
0.005

Beta value
−7

10
10−6
10−5
10−5
10−5
10−5
10−4
10−4
10−4
10−4
10−4
10−4
10−4
10−4
10−4
10−4
10−4
10−4
10−4
10−4
10−4
10−4

0.038
0.033
0.024
0.023
0.021
0.029
0.022
0.019
0.026
0.022
0.027
0.026
0.031
0.022
0.020
0.031
0.029
0.020
0.020
0.019
0.018
0.016
0.017
0.029
0.019
0.024
0.019
0.014
0.024
0.022
0.017
0.017
0.015
0.023
0.022
0.016
0.015
0.015

Euclidean distance (mm)
26.09
26.07
97.55
44.02
88.97
35.95
98.09
24.93
26.35
38.97
27.76
30.20
25.82
110.39
51.98
20.81
28.19
132.98
73.48
114.10
69.12
94.45
53.53
21.71
105.47
32.25
102.86
107.00
25.83
27.60
70.13
41.62
94.31
32.17
33.87
86.81
92.25
35.81

Note that all the connectivities signiﬁcantly increased linearly with age, and multiple
comparisons across connectivities were corrected using the FDR method with a signiﬁcance level of q < 0.05.

Table 2
Age-related decreases in functional connectivities during childhood and adolescence.
Region

Region

t value

p value

R.TPJ-1
R.TPJ-1
R.TPJ-1
PMC-2
R.TPJ-1
R.TPJ-1
PMC-1
R.HC-4
PMC-1
PMC-1
R.HC-1
PMC-4
R.HC-5

R.HC-3
L.HC-1
L.HC-2
L.TPJ-1
L.HC-3
R.HC-2
L.TPJ-2
L.TPJ-1
L.TPJ-1
L.MTG-3
L.HC-3
L.TPJ-1
L.HC-3

−4.08
−3.83
−3.75
−3.72
−3.09
−3.06
−3.05
−3.01
−2.91
−2.87
−2.85
−2.82
−2.81

5.21 ×
1.44 ×
2.00 ×
2.23 ×
0.002
0.002
0.002
0.003
0.004
0.004
0.005
0.005
0.005

Beta value
10−5
10−4
10−4
10−4

−0.022
−0.020
−0.020
−0.025
−0.016
−0.016
−0.019
−0.014
−0.020
−0.017
−0.014
−0.018
−0.012

Euclidean distance (mm)
50.63
93.93
93.50
52.00
88.08
55.62
49.62
94.53
56.64
78.92
57.79
55.03
55.46

Note that all the connectivities signiﬁcantly decreased linearly with age, and the
multiple comparisons across connectivities were corrected using the FDR method
with a signiﬁcance level of q < 0.05.

ode Euclidean distances ranged from 20.81 mm to 132.98 mm (mean ±
std: 59.20 ± 34.33 mm) for the age-related increased connectivities and
from 49.62 mm to 94.53 mm (mean ± std: 67.83 ± 18.61 mm) for the
age-related decreased connectivities (Fig. 2C). The widespread distributions of Euclidean distance in both cases indicated that the development
of connectivity strength in childhood and adolescence was involved in

both short- and long-range connections. Finally, we observed that most
(i.e., 31/38) of the functional connectivities with signiﬁcant increases
from childhood to adolescence were also greater in the adults than in
children (q < 0.05, FDR corrected, Fig. 2D) and that most (i.e., 10/13)
of the connectivities with signiﬁcant decreases were also lower in the
adults than in the children (q < 0.05, FDR corrected, Fig. 2D). Simi-
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also exhibited signiﬁcant increases in nodal eﬃciency (q < 0.05, FDR
corrected, Fig. 5B).
3.4. Sex-related diﬀerences
With multiple comparison correction, we found that all the measurements of interest, including connectivity strength, connectivity pattern
similarity, and network metrics, showed no signiﬁcant sex diﬀerence or
sex-by-age interaction eﬀects (all qs > 0.05, FDR corrected).

Fig. 3. Age-related increases in global eﬃciency (A) and local eﬃciency (B)
of the DMN in children from 6 to 14 years old. The dots represent the adjusted
values of each child after regressing out sex and head motion. The boxplots illustrate the median (horizontal line), 25th and 75th percentiles (box) and nonoutlier range (whiskers) for the adjusted values in the adult group. Both global and
local eﬃciency were signiﬁcantly higher in the adults than in the children. Eglob,
global eﬃciency; Eloc, local eﬃciency.

lar to the aforementioned ﬁndings, these results indicated a consistent
developmental trend from childhood to adolescence to adults at the connectivity level.
3.2. Increased global and local eﬃciency of DMN in children
We employed Eglob and Eloc measures to quantify the capability of
parallel information transfer in the DMN. For children, Eglob of the DMN
ranged from 0.22 to 0.39 and increased linearly with age (t = 2.71,
p = 0.007, Fig. 3A); Eloc of the DMN ranged from 0.29 to 0.48 and increased linearly with age (t = 2.14, p = 0.03, Fig. 3B). Both Eglob and Eloc
were signiﬁcantly lower in the children than in the adults (t = 12.61, p
< 0.0001 for Eglob ; t = 11.83, p < 0.0001 for Eloc ). These results suggest
that the network integrity of the DMN was signiﬁcantly elevated during
development.
3.3. Development of nodal centrality in children
We calculated the degree centrality for each node to characterize
the direct inﬂuence on the information communication within the DMN.
Signiﬁcant age-related changes in nodal degree centrality followed a linear model (q < 0.05, FDR corrected). Speciﬁcally, age-related increases
were mainly located in several midline structures (e.g., the dmPFC,
vmPFC, and PMC) and in the lateral region of the MTG (e.g., the left
middle MTG and right posterior MTG) (q < 0.05, FDR corrected, Fig. 4A
and B). All these regions showed signiﬁcantly lower degree centrality in
the children than in the adults (q < 0.05, FDR corrected). The spatial patterns of ﬁtted nodal degree centrality were illustrated for children from
6 to 14 years old with a one-year interval (Fig. 4C). Highly similar spatial
patterns were observed across diﬀerent ages, wherein regions with high
degree centrality were primarily located in the dmPFC, vmPFC, ventral PMC, and TPJ. We found that most of the regions (i.e., the dmPFC,
vmPFC, and ventral/anterior PMC) with signiﬁcant age-related changes
also exhibited high degree centrality, regardless of the age considered.
Quantitative analysis revealed a signiﬁcant spatial correlation between
the developmental rate of degree centrality and the average degree centrality across all children (r = 0.47, p = 0.007). All these results suggest
that the development of nodal degree centrality in the DMN is primarily concentrated in the densely connected hub regions. Additionally, we
also evaluated the functional roles of nodes using a metric of nodal eﬃciency in the aspect of parallel information communication ability. We
found that nodal eﬃciency increased linearly with age in the dmPFC,
vmPFC, PMC, MTG, and left TPJ (q < 0.05, FDR corrected, Fig. 5A and
B). The nodal eﬃciency of these regions was signiﬁcantly lower in the
children than in the adults (q < 0.05, FDR corrected). Of note, the regions that showed signiﬁcant age-related increases in degree centrality

3.5. Diﬀerentiated developmental rates of nodal centrality in DMN
subclusters
We employed a k-means clustering approach to identify DMN subclusters, each of which comprised nodes with similar developmental
rates of degree centrality. Fig. 6A shows the internode distance in the
developmental rate of degree centrality. During the k-means clustering
procedure, the optimal subcluster number was set as three, which was
consistently selected by 12 of 23 eﬀective quality indices. Fig. 6B illustrates the spatial locations of three subclusters in the DMN: cluster 1
comprised two midline structures (i.e., the vmPFC and anterior PMC);
cluster 2 comprised several lateral regions (i.e., the lateral vmPFC, MTG,
and posterior TPJ) and medial regions (i.e., the dmPFC and inferior
PMC); cluster 3 mainly comprised the posterior PMC, hippocampus and
inferior TPJ. The three clusters showed signiﬁcantly diﬀerent developmental rates between each other (cluster 1 vs. 2: t = 7.91, p < 0.0001;
cluster 1 vs. 3: t = 12.27, p < 0.0001; cluster 2 vs. 3: t = 10.05, p <
0.0001), wherein cluster 1 showed the highest beta value, cluster 2 had
the second highest beta value, and cluster 3 showed the lowest beta
value (Fig. 6C). For each cluster, we separately show the developmental trajectory of one representative node, including the anterior PMC
in cluster 1 (t = 4.13, p < 0.0001), the dmPFC in cluster 2 (t = 2.93,
p = 0.004), and the ventral PMC in cluster 3 (t = 0.65, p = 0.52) (Fig. 6C).
To assess the potential inﬂuence of other functional networks (i.e.,
outside-DMN connectivity) on the clustering analysis, the developmental rates of the whole-brain degree centrality were included as the clustering features. We also detected an optimal clustering structure consisting of three subclusters (Fig. S7), which was similar to the subclusters
obtained using the within-DMN degree centrality (Fig. 6) (Dice coeﬃcient = 0.625). The most remarkable change was the spatial expansion
of cluster 1: in addition to the previously identiﬁed medial regions (i.e.,
vmPFC and anterior PMC), the bilateral lateral vmPFC, left superior TPJ,
left anterior MTG, and right posterior MTG were also included.
Next, we examined the potential diﬀerences in the developmental
rate of nodal eﬃciency among these three clusters. Similar to the case
of degree centrality, we found that these three clusters also showed signiﬁcantly diﬀerent developmental rates of nodal eﬃciency (cluster 1 vs.
2: t = 5.60, p < 0.0001; cluster 1 vs. 3: t = 8.58, p < 0.0001; cluster 2
vs. 3: t = 7.12, p < 0.0001, Fig. 7A). The developmental trajectory of
one representative node is separately shown for each cluster, including
the left medial vmPFC in cluster 1 (t = 3.65, p = 0.0003), the left lateral
vmPFC in cluster 2 (t = 3.00, p = 0.003) and the ventral PMC in cluster
3 (t = 1.33 p = 0.19) (Fig. 7B).
3.6. Validation results
We validated our main results by generating individual functional
networks with two other correlation thresholds (i.e., 0.1 and 0.3). During childhood and adolescence, the linear developmental changes in the
global and nodal properties of the DMN remained nearly unchanged in
these two conditions (Figs. S1–S3). The global eﬃciency and local efﬁciency signiﬁcantly increased with age (all ps < 0.05, Fig. S1). The
age-related increases in nodal degree centrality were primarily located
at several midline structures (e.g., dmPFC, vmPFC and PMC) (q < 0.05,
FDR corrected, Fig. S2A and D), which showed high degree centrality across diﬀerent ages. During the clustering analysis based on the

F. Fan, X. Liao, T. Lei et al.

NeuroImage 226 (2021) 117581

Fig. 4. Age-related changes in nodal degree in children aged 6 to 14 years old. (A) Signiﬁcant eﬀects of age on nodal degree centrality. Multiple comparisons across
regions were corrected using the FDR method with a signiﬁcance level of q < 0.05. (B) Age-related increases in degree centrality for seven regions showing signiﬁcant
age eﬀects. The dots represent the adjusted values of each child after regressing out sex and head motion, and the boxplots illustrate the median (horizontal line),
25th and 75th percentiles (box) and nonoutlier range (whiskers) for the adjusted values in the adult group. (C) Fitted nodal degree for the DMN regions from ages 6 to
14 with a one-year interval. PMC-3, anterior posteromedial cingulate cortex; dmPFC-2, dorsal medial prefrontal cortex; vmPFC-1/3, medial portions of ventromedial
prefrontal cortex; MTG-2/3, posterior portion of middle temporal gyrus.

Fig. 5. Age-related changes in nodal eﬃciency in children aged 6 to 14 years old. (A) Signiﬁcant eﬀects of age on nodal eﬃciency. Multiple comparisons were
corrected using the FDR method with a signiﬁcance level of q < 0.05. (B) Age-related increases in nodal eﬃciency for seven regions that showed signiﬁcant age
eﬀects on nodal degree. The dots represent the adjusted values of each child after regressing out sex and head motion, and the boxplots illustrate the median (horizontal
line), 25th and 75th percentiles (box) and nonoutlier range (whiskers) for the adjusted values in the adult group. PMC-3, anterior posteromedial cingulate cortex;
dmPFC-2, dorsal medial prefrontal cortex; vmPFC-1/3, medial portions of ventromedial prefrontal cortex; MTG-2/3, posterior portion of middle temporal gyrus.

regional developmental rates of nodal degree centrality, we identiﬁed
three subclusters showing diﬀerentiated developmental rates within the
DMN at correlation thresholds of 0.1 and 0.3 (Fig. S3B and E), which
agreed well with those in the main results (Fig. 6B).
4. Discussion
In this study, we used a large longitudinal rsfMRI sample to examine the development of the intrinsic functional organization of the DMN

from childhood to adolescence. We found a linear maturational trajectory in the DMN toward the adult-like architecture from childhood to
adolescence. Speciﬁcally, these changes were mainly localized between
regions at the midline structures. The network eﬃciency of the DMN
also increased from childhood to adolescence. We identiﬁed three DMN
subclusters based on divergent developmental rate of degree centrality, with the fastest development in one cluster mainly comprising two
regions (e.g., the anterior mPFC and PCC) in the midline structures. Together, our ﬁndings suggest the enhancement of functional integration
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Fig. 6. Subcluster classiﬁcation of the DMN in children. (A) Interregional diﬀerences in the developmental rate of degree centrality in terms of the Euclidean distance
between beta values of the age eﬀects. (B) Dependence of the silhouette value on the selection of cluster number and the spatial locations of the three subclusters. The
optimal subcluster number (i.e., three) was consistently selected by 12 of 23 eﬀective quality indices. (C) Diﬀerences in the developmental rate of degree centrality
among the three clusters. Signiﬁcant diﬀerences were observed between each pair of clusters (all qs < 0.05, FDR corrected). For each cluster, the age-related change
for one node is displayed. The dots represent the adjusted values of each child after regressing out sex and head motion. PMC-3, anterior posteromedial cingulate
cortex; dmPFC-2, dorsal medial prefrontal cortex; PMC-2, ventral posteromedial cingulate cortex.

Fig. 7. Divergent developmental rates of nodal eﬃciency for the three identiﬁed subclusters. (A) Diﬀerences in the developmental rate of nodal eﬃciency among
the three clusters. Signiﬁcant diﬀerences were observed between each pair of clusters (all qs < 0.05, FDR corrected). (B) For each cluster, the age-related change
for one region is displayed. The dots represent the adjusted values of each child after regressing out sex and head motion. L.vmPFC-1, left medial portion of the
ventromedial prefrontal cortex; L.vmPFC-2, left lateral portion of the ventromedial prefrontal cortex; PMC-2, ventral posteromedial cingulate cortex.

and eﬃciency in the DMN from childhood to adolescence and into adulthood accompanied by regional inhomogeneity in developmental rates.
4.1. Functional connectivity and network eﬃciency of the DMN changed
with age
Based on the cross-sectional design, several previous studies have
revealed age-related increases in the functional connectivity strength of
the DMN during the school-age period of development (de Bie et al.,
2012; Mak et al., 2017; Sato et al., 2014; Sherman et al., 2014) and between 7 to 9-year-old children and adults (Fair et al., 2008). Of note,
the developmental changes observed in these studies could be contam-

inated by intersubject variability. Using task-related (i.e., passive listening) fMRI data of a small sample (N = 45), a recent longitudinal
study reported an age-related increase in the functional connectivity
strength of the PCC within the DMN for children from 10 to 13 years
old (Sherman et al., 2014). In the current study, to reduce the inﬂuence of intersubject variability and to increase statistical power, we employed a large sample of longitudinal rsfMRI data and revealed continuous age eﬀects of age on the intrinsic functional organization of the
DMN. We found that the overall connectivity strength of the DMN linearly increased with age during childhood and adolescence, wherein the
age-related increased connectivities were mainly localized between midline structures (e.g., between the mPFC and PMC) (Fig. 2B). Consistent
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ﬁndings have also been observed in previous rsfMRI studies (Fair et al.,
2008; Sato et al., 2014; Sherman et al., 2014). In addition, we found
that the global and local network eﬃciency of the DMN increased with
age (Fig. 3). All these ﬁndings suggest that the functional integration
of the DMN was elevated during childhood and adolescence, accompanied by an increased capability regarding parallel information transfer and fault tolerance. Accumulating evidence in adults suggests that
DMN functional connectivity strength is positively correlated with multiple cognitive functions, such as working memory (Hampson et al.,
2006; Liu et al., 2017; Prakash et al., 2012; Sambataro et al., 2010),
autobiographical memory (Mevel et al., 2013), mental manipulation
(Yang et al., 2013), and language (Yang et al., 2013). We speculate that
the age-related increases in functional integrative capacity within the
DMN observed here could facilitate individual cognition improvements
in children, which needs to be further explored by including cognitive
and behavioral measures.
The age-related increases in functional connectivity of midline structures may be shaped by the underlying anatomical structures. Using
multimodal MRI data, several previous studies have identiﬁed some
structural ﬁber pathways within the DMN in both children and adults,
such as PCC projections to the mPFC and bilateral MTL (Greicius et al.,
2009). Both functional connectivity strength and ﬁber density between
the PCC and mPFC were lower in children (7 to 9 years) than in adults
(Supekar et al., 2010), indicating a consistent developmental trend in
functional and structural connectivity from childhood to adulthood. Diffusion MRI studies also revealed that the structural connectivity strength
of the cingulum bundle between the PCC and mPFC increased with age
(Clayden et al., 2012; Imperati et al., 2011; Tamnes et al., 2010). Thus,
structural connectivity development within the DMN is likely to underlie functional connectivity development in this system.
Diﬀerent from the existing studies, in addition to the age-related increases, we also observed age-related decreases in functional connectivity strength (Fig. 2B). These strength decreases were mainly located
between the right anterior TPJ and bilateral hippocampus and between
the left anterior TPJ and PMC, suggesting increased functional segregation between the TPJ and the other regions. Previous studies have
reported that the TPJ, hippocampus, and PMC are engaged in diﬀerent
functions, including theory of mind, autobiographical memory and selfreferential thinking (Andrews-Hanna et al., 2014; DuPre et al., 2016).
The age-related decreases reﬂected the increasing functional specialization of these brain regions during development.
4.2. Subclusters of the DMN with divergent developmental rates in degree
centrality
The adult DMN can be divided into two or three separate subnetworks (e.g., the core subsystem, dmPFC subsystem, and MTL subsystem) with functionally specialized roles (Andrews-Hanna et al., 2010;
Braga and Buckner, 2017; Braga et al., 2019; Buckner and DiNicola, 2019). This reﬂects functional segregation within the DMN. Here,
we observed spatial heterogeneity in the developmental trajectories of
degree centrality of the DMN regions. Most of the regions (i.e., the
dmPFC, vmPFC, and PMC) with signiﬁcant eﬀects of age were located in
the midline structures (Fig. 4A), which is consistent with the observation
at the connectivity level (Fig. 2B). These regions consistently exhibited
high degree centrality across diﬀerent ages, suggesting that the regions
playing crucial roles in information integration undergo rapid development. Furthermore, we found that the DMN is diﬀerentiated into three
subclusters (Fig. 6B) based on spatial heterogeneity in the developmental rate of nodal degree centrality, which was spatially similar to the
three subnetworks in adults (Andrews-Hanna et al., 2010; Buckner and
DiNicola, 2019) Speciﬁcally, in this study, cluster 1 was similar to the
core subsystem in adults, cluster 2 was similar to the dmPFC subsystem,
and cluster 3 was similar to the MTL subsystem (Andrews-Hanna et al.,
2010). The spatial heterogeneity in the developmental rates and the
presence of subclusters were consistently observed at diﬀerent corre-
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lation thresholds (i.e., rth = 0.1, 0.2 and 0.3) (Figs. 4, 6, S2 and S3),
while a high correlation threshold tended to reveal a more ﬁne-grained
subdivision of the DMN. Our ﬁndings indicate that diﬀerent subsystems have diﬀerentiated developmental trajectories, which represent
the functional specialization within the DMN. Of note, these subclusters were identiﬁed based on the divergent developmental rates of nodal
degree centrality within the DMN. When considering the developmental rates of whole-brain degree centrality, we found that the clustering
structure was generally similar to that observed within the DMN (Fig.
S7). However, there were slight diﬀerences between the two analyses,
which were predominantly located in the bilateral lateral vmPFC, left
superior TPJ, left anterior MTG, and right posterior MTG.
Such a specialization of the DMN could be related to the divergent
anatomical connectivity among regions. This was supported by previous
studies, which demonstrated that the spatial gradient in the strength
of parahippocampal projections biases the protoorganization of DMN
regions to fractionate into distinct, specialized networks (Buckner and
DiNicola, 2019). In this study, we also observed that there was regional
heterogeneity in the structural developmental characteristics within the
DMN and that this structural development was diﬀerent from the functional development of the DMN (Fig. S4). Speciﬁcally, we found that
cluster 2 showed a signiﬁcantly lower age at peak and a larger developmental rate in the gray matter volume than cluster 3 (Fig. S5). This
suggests that earlier structural maturation and faster structural changes
in gray matter volume might promote faster functional development
(Fig. S6).
Children rapidly develop internal cognitive processes, including autobiographical memory (Given-Wilson et al., 2018) and theory of mind
(Devine and Hughes, 2013; Dumontheil et al., 2010; O’Connor and
Evans, 2019). These diﬀerent processes are involved in diﬀerent brain
regions. Functional imaging studies in adults showed that autobiographical memory tasks preferentially involved the parahippocampal cortex
and the ventral portion of the posterior midline (DuPre et al., 2016;
Spreng and Grady, 2010), which spatially overlapped with the cluster 3
obtained in our study. Nevertheless, theory of mind-related tasks preferentially involve anterior region of the TPJ (Andrews-Hanna et al., 2014;
DuPre et al., 2016; Spreng and Grady, 2010). We propose that the developmental rate of subnetworks is accompanied by the development
of self-related and social-cognitive functions that improve during childhood and adolescence; nonetheless, this relationship warrants further
investigation.
Sex plays a critical role in the development of the topological organization of functional networks (Gong et al., 2009; Wu et al., 2013). Here,
we examined potential sex eﬀects on DMN topology and its development
in children. No signiﬁcant sex eﬀect was observed for all measurements
of interest, suggesting that boys and girls exhibited similar DMN properties and developmental changes from childhood to adolescence. Similar
to our study, no signiﬁcant sex eﬀect was observed in DMN functional
connectivity in adults (Weissman-Fogel et al., 2010). Notably, one study
reported signiﬁcant sex-related diﬀerences in the nodal degree of the
default mode network in 6-20 years old (Wu et al., 2013). The inconsistency between this study and our ﬁndings might be due to the diﬀerent
age ranges considered or diﬀerent strategies for estimating the nodal
properties.
4.3. Further considerations
Several issues need to be further considered. First, we deﬁned nodes
of interest of the DMN according to a prior atlas of the DMN in adults
that delineates regional-level gray-matter subdivisions within the DMN
(Kernbach et al., 2018), implicitly assuming the same spatial locations of
DMN nodes across the whole population of children. However, the spatial distributions of the DMN may change during development (Cui et al.,
2020) and vary across individuals even at the same age (Laumann et al.,
2015; Liao et al., 2017). The temporal evolution and intersubject variability in the spatial distribution should be taken into account in future
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studies to better capture DMN development. Second, previous studies
have shown that head motion can bias the estimation of interregional
functional connectivity (Power et al., 2012) and thus aﬀect developmental ﬁndings (Satterthwaite et al., 2012). To reduce the inﬂuence of head
motion, we included 24 head motion parameters (Friston et al., 1996),
the global brain signal (Satterthwaite et al., 2012; Yan et al., 2013),
and scrubbing-based spiking (Satterthwaite et al., 2013) in the nuisance
regression of the data preprocessing. In addition, the mean FD parameter (Power et al., 2012) was also included as a covariate in the linear
mixed model when assessing the age eﬀects. However, the residual effect of head motion may still exist, and this issue requires the development of advanced strategies for head motion correction. Third, in this
study, we focused on the developmental characteristics of the connectivity patterns within the DMN. In addition to the DMN, other functional
networks also undergo remarkable changes from childhood to adolescence, which could be related to the development of the DMN. For instance, during childhood and adolescence, the connectivity strength in
the DMN and central executive network increases with age (Sato et al.,
2014; Sherman et al., 2014), while the anticorrelation between these
two networks is strengthened with age (Sherman et al., 2014). Considering the potential inﬂuence of the outside-DMN connectivities on DMN
specialization (Fig. S7), the detailed relationships between the development of the DMN subclusters and the other networks need to be explored
in the future. Fourth, we used rsfMRI to explore the development of
the intrinsic functional organization of the DMN. Previous studies have
demonstrated the structural correlates of the functional coupling of the
DMN in adults (Greicius et al., 2009; Kernbach et al., 2018). However,
this relationship during the developmental stage of childhood and adolescence remains elusive. Here, we performed a structural MRI analysis
to explore the potential inﬂuence of regional heterogeneity in gray matter volume development on the functional specialization of the DMN. In
future studies, the fusion of multimodal data is recommended to comprehensively study the structural basis of the functional development of
the DMN. Fifth, studies in adults have demonstrated that the connectivity strength of the DMN is positively correlated with several cognitive
functions (Hampson et al., 2006; Mevel et al., 2013; Persson et al., 2014;
Prakash et al., 2012; Sambataro et al., 2010; Yang et al., 2013), leading
to the speculation that the strengthened functional integration of the
DMN during childhood and adolescence is related to individual cognitive improvements. It would be worthwhile to explore the relationship
between cognitive improvement and DMN development in the future.
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