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Human functional brain networks are dynamically organized to enable cognitive and behavioral flexibility to meet ever-changing
environmental demands. Frontal-parietal network (FPN) and default mode network (DMN) are recognized to play an essential role in
executive functions such as working memory. However, little is known about the developmental differences in the brain-state dynamics
of these two networks involved in working memory from childhood to adulthood. Here, we implemented Bayesian switching dynamical
systems approach to identify brain states of the FPN and DMN during working memory in 69 school-age children and 51 adults. We
identified five brain states with rapid transitions, which are characterized by dynamic configurations among FPN and DMN nodes
with active and inactive engagement in different task demands. Compared with adults, children exhibited less frequent brain states
with the highest activity in FPN nodes dominant to high demand, and its occupancy rate increased with age. Children preferred to
attain inactive brain states with low activity in both FPN and DMN nodes. Moreover, children exhibited lower transition probability
from low-to-high demand states and such a transition was positively correlated with working memory performance. Notably, higher
transition probability from low-to-high demand states was associated with a stronger structural connectivity across FPN and DMN, but
with weaker structure–function coupling of these two networks. These findings extend our understanding of how FPN and DMN nodes
are dynamically organized into a set of transient brain states to support moment-to-moment information updating during working
memory and suggest immature organization of these functional brain networks in childhood, which is constrained by the structural
connectivity.
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Introduction

Human brain is an open complex system that is dynamically
organized to support cognitive and behavioral flexibility as well
as rapid adaptation to ever-changing environmental or task
demands (Cocchi et al. 2013; Shine et al. 2019). A wealth of recent
neuroimaging studies in adults has demonstrated that dynamical
organization of functional brain networks is essential to support
the performance of various cognitive and affective functions
(Braun et al. 2015; Shine et al. 2016; Pedersen et al. 2018; Reddy
et al. 2018; Taghia et al. 2018; Gu et al. 2021). Alterations in the
dynamical organization of large-scale functional brain networks
are linked to cognitive impairments in a variety of psychiatric and
neurodevelopmental disorders (Bolton et al. 2020; Cai et al. 2021).
As childhood is a critical period, during which the human brain
function and structure undergoes protracted development with
prominent changes in higher-order cognitive functions such as
working memory (Casey et al. 2000), it is pivotal to understand
how the dynamical organization of functional brain networks
contributes to children’s cognitive development. Yet, how large-
scale functional brain networks are dynamically organized to
support moment-to-moment executive task demands and its link

to structural connectivity during childhood remains elusive.
Working memory relies on active engagement and disengage-

ment of multiple brain systems, especially the fronto-parietal
network (FPN), that is highly active during task performance
(Dosenbach et al. 2006, 2007), and the default mode network
(DMN), which is active at rest but suspended during most external
tasks (Raichle et al. 2001; Bluhm et al. 2011; Anticevic et al.
2012). One recent study found higher intraconnectivity in FPN
with age increasing which mediated the relationship between
age and executive performance (Wang et al. 2019). Other recent
studies suggest that the segregation and integration of FPN and
DMN nodes play an important role in executive function based
on the static functional connectivity analysis, which reflects the
time-averaged functional brain organization over several min-
utes (Liegeois et al. 2019; Chen et al. 2022). Examining such
functional connectivity in children is the first step in investi-
gating how functional organization of large-scale brain networks
develop to support the maturation of cognitive functions. This
line of research, however, offers insufficient insights into how
these networks features are dynamically organized to support
the transient and moment-to-moment changes in information
processing during different task demands (Rashid et al. 2016;
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Jin et al. 2017; Bolton et al. 2020). Thus, novel approaches from
a dynamical perspective are required to investigate how the FPN
and DMN are dynamically organized to support working memory
processing and how these dynamical features of brain network
organization develop as the brain matures from childhood to
adulthood.

There is a growth of research interest to track the dynamical
organization of large-scale functional brain networks with the
progress of analytic tools in recent years (Hutchison et al.
2013; Sizemore and Bassett 2018). For instance, many studies
used sliding-window or related approaches to find increased
variabilities of connections with age on whole-brain level or
specific functional brain networks (like cognitive control network
and DMN) among cognitive tasks (Hutchison and Morton 2015,
2016; Marusak et al. 2017). However, sliding-window approaches
are suboptimal to capture transient changes in moment-to-
moment task demands due to methodological constraints, includ-
ing uncertainty, for determining the window length and gaps
between windows which can circumvent a reliable estimation of
transient neural dynamics (Braun et al. 2015; Marusak et al. 2017;
Pedersen et al. 2018). A newly developed unsupervised learning
approach, based on Bayesian Switching Dynamic System (BSDS),
can mitigate these limitations. This approach identifies the
dynamical organization of large-scale functional brain networks
as a series of short-lived brain states present at each timepoint
with distinct activation and connectivity patterns among brain
regions or nodes (Taghia et al. 2018).

Occupancy rate and transition probability are the major
dynamical features of these brain states, which reflects the
dynamical organization of pivotal brain regions with time (Bolton
et al. 2020). For instance, one recent study found that the
occupancy rate of certain brain states, characterized by high
positive activity in the cingulo-opercular networks and high
negative activity in the DMN during resting state, was positively
correlated to the subsequent performance of executive functions
among children and adolescents (Medaglia, Satterthwaite, et al.
2018). The transition probability of different brain states is
referred to the probability switching from one state at a given
timepoint to the other states at a next timepoint, suggesting
some transitions are more likely than others (Ito et al. 2007;
Bassett et al. 2015; Vidaurre et al. 2017; Kringelbach and Deco
2020; Ramirez-Mahaluf et al. 2020). Ryali and colleagues found
immature dynamic interactions between DMN, FPN, and salience
network, characterized by reduced transition probability among
their brain states during the resting state in children (Ryali
et al. 2016). Failure to occupy with or transit from specific
states not only affects the cognition and behavior, but it is
also associated with psychiatric disorders (Damaraju et al.
2014; Kottaram et al. 2019). Furthermore, one recent study on
adults using BSDS demonstrated that engaging the optimal
state in a timely manner was associated with better behavioral
performance and uncovered a hidden transition state which plays
a role in reconfiguring task-set during working memory (Taghia
et al. 2018). However, no studies, to date, have investigated how
dynamic states of the FPN and DMN mature to support working
memory processing from childhood to adulthood, and even less
is known about how these dynamical maturational changes
contribute to working memory performance.

The white matter connectome derived from diffusion tensor
imaging has been proved to support the dynamical organization
of functional brain networks (Tang et al. 2017). Several previous
studies have demonstrated that when given global structural net-
work topology, the theoretical energy cost for brain regions switch-
ing to a state with high activation in FPN decreased with age and

the process of transition was modulated by task demands (Corn-
blath et al. 2020; Cui et al. 2020; Braun et al. 2021). These results
suggest that the optimization of global structural connectivity
with development supports brain transitions, which further con-
tributes to cognition and behaviour. However, which characteris-
tics of white matter connectivity in the FPN and DMN facilitate
brain dynamics that support working memory processing remains
elusive. Further, evidence from the structure–function coupling
emphasizes a ubiquitous role of structural support for functional
communication and specialization of a cortical area (Suárez et al.
2020). For instance, lower coupling in the transmodal association
cortex compared with somatosensory cortex is linked to more
functional flexibility and dynamics in higher-order regions (Baum
et al. 2020). One recent study in adults also found that cognitive
flexibility was linked with alignment between brain activation
and structural network (Medaglia, Huang et al. 2018). Little, how-
ever, is known how the structure–function coupling in higher-
order regions, like FPN and DMN, modulates brain state dynamics
of these networks involved in working memory processing.

To address the above open questions, we set up a develop-
mental functional magnitude resonance imaging (fMRI) study
with advanced analytic approaches and a diffusion magnitude
resonance imaging (dMRI) study targeting 69 children (aged 7–12
years) and 51 adults (aged 19–24 years) to investigate develop-
mental differences in the dynamical brain states of FPN and DMN
regions during working memory task and white matter structural
connectivity. The BSDS was implemented to identify the dynami-
cal properties of brain states for the FPN and DMN, including (i)
mean activation patterns of distinct brain sates, (ii) occupancy
rates and mean lifetime of each state as well as the dynamic
evolution of each state, and (iii) transition probabilities among
different states. We then examined occupancy rate and mean
lifetime of distinct brain states to classify the dominant state
and nondominate state representing different mental properties.
According to empirical evidence from previous studies on time-
varying brain states, we hypothesized that children would exhibit
lower occupancy rates, shorter mean lifetime, and less transition
probability of key brain states associated with high working mem-
ory task demands when compared to adults. Moreover, dynamical
properties of key brain states would be associated with working
memory performance. Finally, we showed the association between
brain dynamics and structural connectivity across FPN and DMN
as well as structure–function coupling.

Material and methods
Participants
A total of 120 participants were recruited from the Children
School Functions and Brain Development Project (CBD, Beijing
Cohort). All participants with mean accuracy for 0-back condition
>50% and low head motion (max displacement <1 mm) were
selected for later analysis, including 69 children from the age
range between 7 and 12 years old (mean = 9.43 ± 1.54) and 51
healthy adults from the age range between 19 and 24 years
old (mean = 21.76 ± 1.64). Written informed consent was obtained
from every participant. For children, written informed consent
was obtained from 1 of their parents or legal guardians. All of the
participants reported no history of vision problems, no history of
neurological, or psychiatric disorders, and no current use of any
medication or recreational drugs. Demographics of 69 children
and 51 adults are listed in Supplementary Table S1.

For diffusion magnetic resonance imaging (dMRI) data,
we excluded 1 participant due to the missing dMRI scan, 2
participants due to excessive head motion (maximum head
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Fig. 1. WM task effect and an overview of analysis process. a) Experimental paradigm of numerical 0-, 1-, and 2-back working memory task conditions.
b) Brain regions activated and deactivated during 2-back condition in all subjects. c) Efficiency of children and adult group as a function of task loads
(0-, 1-, and 2-back). Efficiency: accuracy divided by reaction time (independent-sample t test, ∗∗P < 0.01). d) Schematic illustration of BSDS analysis. At
first, we defined 12 ROIs of FPN and DMN and extracted ROIs time series of each subject. And then, BSDS model was applied to the preprocessed time
series. Finally, we got the temporal evolution of states from BSDS model and extracted the dynamic properties of states: occupancy rate, mean lifetime,
and transition probabilities of states.

motion >3 mm), and 1 participant due to serious signal dropout.
After these, dMRI images from 65 children (mean = 9.48 ± 1.53)
and 51 adults were included in our dMRI analysis.

Experimental design
Participants were asked to complete a blocked-design numeri-
cal n-back task consisting of 3 conditions (0-back, 1-back, and
2-back) during scanning (Xiong et al. 2021). Within each block,
a random digit sequence consisting of 15 digits was presented
one by one (Fig. 1a). In the 0-back condition, participants were
required to press the button when the number currently displayed
on the screen was “1.” In the 1-back condition, participants were
required to press the button when the number currently displayed
was the same as last one. In the 2-back condition, participants
were required to press the button when the number currently
displayed was same as the previous 2. Every digit was presented
400 ms followed by a 1,400-ms empty screen. The task consisted
of 12 blocks with randomly assigned 4 blocks for each condition.
Before scanning, participants were adequately trained to ensure
the instruction was fully understood. Stimuli were presented
via E-Prime 2.0 that was widely used in psychological experi-
ments (http://www.pstnet.com; Psychology Software Tools, Inc).
Task performance was measured by both accuracy (defined as
the percentage of correct answers) and reaction time (defined as
the length of time from stimulus onset to button press) for each
condition separately. We also calculated the efficiency (ACC/RT)
as a measure of behavioral performance.

Functional imaging data acquisition
and preprocessing
Imaging data were acquired from Siemens 3.0 T scanner
(Magnetom Prisma syngo MR D13D, Erlangen, Germany) using a
64-channel head coil with a T2∗-sensitive echo-planar imaging

(EPI) sequence based on the blood oxygenation level-dependent
(BOLD) contrast. Thirty-three axial slices (3.5 mm thickness and
0.7 mm skip) parallel to the anterior and posterior commissure
line and covering the whole brain were imaged with the following
parameters: repetition time (TR) = 2,000 ms, echo time (TE) =
30 ms, flip angle = 90◦, voxel size = 3.5 × 3.5 × 3.5 mm3, field
of view (FOV) = 224 × 224 mm2. The n-back task consisted of
232 volumes. Before the acquisition of functional images, each
participant’s high-resolution anatomical images were acquired
through 3D sagittal T1-weighted magnetization-prepared rapid
gradient echo with a total of 192 slices: TR = 2,530 ms, TE =
2.98 ms, flip angle = 7◦, inversion time = 1,100 ms, voxel size
= 0.5 × 0.5 × 1.0 mm3, acquisition matrix = 256 × 224, FOV =
256 × 224 mm2, BW = 240 Hz/Px, slice thickness = 1 mm.

Brain images were preprocessed using statistical parametric
mapping (SPM12, https://www.fil.ion.ucl.ac.uk/spm/software/
spm12/) (Friston, HBM-1994) based on MATLAB platform. The
first 4 volumes of functional images were discarded for signal
equilibrium and participants’ adaptation to scanning noise.
Remaining images were preprocessed following a standard
routine: corrected for slice acquisition time and realigned for
head motion correction, coregistered to each participant’s gray
matter image segmented from the corresponding high-resolution
T1-weighted image, spatially normalized into a common stereo-
tactic Montreal Neurological Institute (MNI) space and resampled
into 2 mm isotropic voxels, and spatially smoothed with a 6-mm
full-width half-maximum Gaussian kernel.

Univariate general linear model analysis
To assess the task-related neural response in the n-back task,
the 0-back,1 back, and 2-back conditions were modeled as 3
separate boxcar regressors and convolved with the canonical
hemodynamic response function built in SPM12. In addition,
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6 head motion parameters from the realignment procedure
were included to regress out the variability elicited by the head
movement. We used high-pass filtering using a cutoff of 1/128 Hz
and corrections for serial correlations in fMRI using a first-order
autoregressive (AR) model in the general linear model (GLM)
framework. Relevant contrast parameter estimate images were
initially generated at the individual-subject level, including 3
regressors (0-back, 1-back, and 2-back), 1-back versus 0-back,
2-back versus 0-back, and 2-back versus 1-back.

One-way ANOVA was applied to investigate the activation pat-
tern of 0-back, 1-back, and 2-back for all participants (regardless
of adults and children) in the second-level analysis. Significant
clusters were determined using a threshold of P < 0.001 with
family-wise error corrections for multiple comparisons based
on nonstationary suprathreshold cluster-size distributions, which
were computed using Monte Carlo simulations(Swendsen and
Wang 1987). The contrast of interest was WM load effect: 2-back.

Regions of interest definition
The ROIs in the FPN and DMN were derived from the Neurosynth
platform, a large-scale and automated synthesis of fMRI data
(http://neurosynth.org), by using “working memory” and “default
mode network” as search terms, respectively. These ROI masks
were then refined by using a height threshold of z-score > 3.0
and a spatial extent cluster size of >30 voxels, which was
similar to previous studies (Zhuang et al. 2022). We extracted
the positive activation map from 2-back contrast and overlapped
this map with the mask using “working memory” as a search term
(Supplementary Fig. 1). The same way was applied to the negative
activation map for “default mode network” mask. This procedure
produced 6 ROIs within the FPN, including the bilateral dorsal
lateral prefrontal cortex (DLPFC_L and DLPFC_R), the bilateral
inferior frontal gyrus (IFG_L and IFG_R), and the bilateral inferior
parietal lobule (IPL_L and IPL_R), and 6 ROIs in the DMN, including
the ventral medial prefrontal cortex, the posterior cingulate
cortex, the bilateral angular gyrus (AG_L, AG_R), and the bilateral
parahippocampal gyrus (PHG_L, PHG_R) (Supplementary Table
S2). Regional mean BOLD time series were extracted from each
mask and were further linearly detrended. After demeaning time
series, signals of white matter, and cerebrospinal fluid, 6 motion
parameters were extracted and regressed them out from the
resulting data.

BSDS model
The BSDS model assumes that the ROI time series can be
described as a finite number of states repeating or switching with
time, each of which is represented by a multivariate Gaussian
distribution that is parameterized by a mean vector and a
covariance matrix. This method applies hidden Markov model
(HMM) to latent space variables of observed data, which differs
from previous studies that apply HMM directly to observed
electro-physiological and fMRI data (Vidaurre et al. 2016, 2017,
2018). The following is a brief description about interference
and derivations of the generative model. Observed fMRI data
are modeled by a probabilistic factor analysis model, including a
series of latent space variables generated from an AR process.
A first-order Markov chain through an HMM is applied to
these latent space variables. Posterior distributions of all model
parameters are inferred by Bayesian inference using Bayes’
theorem to combine priors with data. Considering a parametric
Bayesian formulation of BSDS, variational inference is used for
learning about the model parameters and inference of the latent
variables.

The normalized BOLD time courses for each ROI were
temporally concatenated across all subjects, including adults
and children. We integrated 2 groups to run the BSDS model
because this method could benefit for model fitting, which is
constrained by BSDS itself and did not require matching brain
states between separate models. The BSDS model was applied
to the time courses which could provide the temporal evolution
of the states, the occupancy rate and mean lifetime of states,
the transition probability matrix, and mean and covariance of
states. Occupancy rate is defined as the proportion of time spent
in a state, whereas mean lifetime is the average time that a state
persists per each visit. Transition probability characterizes the
probability of any state switch to another. We repeated BSDS
process about 10 times and chose the best model for further
analysis, where the best model corresponds to the one that
achieves the highest lower bound on the marginal likelihood
of data.

Diffusion-weighted image acquisition and data
preprocessing
All diffusion-weighted images were acquired on a 3T Siemens
Prisma scanner with a 64-channel head coil. The parameters
as follows: TR = 7,500 ms, TE = 64 ms, acquisition matrix =
112 × 112, FOV = 224 × 224 mm2, slices = 70, slice thickness =
2 mm, BW = 2,030 Hz/Px, 64 diffusion weighted directions with
b = 1,000 s/mm2, and 10 images without diffusion weighting
(b = 0 s/mm2).

The dMRI data were preprocessed following denoising (Tournier
et al. 2019), removing Gibbs ring (Kellner et al. 2016), eddy current
artifacts correction (Andersson and Sotiropoulos 2016), signal
dropout correction (Andersson et al. 2016, 2017), EPI susceptibility
distortions correction, and bias correction (Tustison et al.
2010). Details about the diffusion-weighted images acquisition
parameters and data preprocessing analysis are available in Liang
et al. (2022). For each voxel, we estimated the diffusion tensor
(Basser et al. 1994) and calculated the fractional anisotropy (FA)
(Westin 1997) using MRtrix3.

White matter tractography
To reconstruct the white matter tracts, we performed the
generalized q-sampling imaging algorithm-based deterministic
fiber tracking (Yeh et al. 2010) in each individual native dMRI
space using DSI Studio software (https://www. Nitrc.org/projects/
dsistudio). Specifically, we first retained the voxels with FA values
> 0.1 to form the seed mask. The tractography was terminated
if it reached a voxel with an FA < 0.1 or it’s turning angle being
> 45◦. For each subject, 10 million streamlines were generated.
Streamlines < 6 mm or > 250 mm were discarded. Next, each
subject’s T1 image was coregistered to the mean b0 image and
the transformed T1 image was then nonlinearly transformed
to the ICBM152 T1 template in the MNI space. We invert the
transformations and applied them to warp the 12 ROIs derived
from functional brain from the MNI space, which were dilated
by 1 voxel to the dMRI native space (Shu et al. 2011). For each
pair of ROIs, they were considered anatomically connected if
there were at least 1 streamline with 2 endpoints located in
these 2 regions (Zalesky et al. 2010). Finally, for each subject,
we calculated the mean FA values across all voxels in the tract
between each 2 ROIs to the weighted white matter connectivity
matrix.
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Fig. 2. Brain-state properties and their mean activation distribution during working memory. a) Occupancy rates of brain states for the 3 states which
dominate the 0-back, 1-back, and 2-back task conditions named as SL, moderate-demand state (SM) and SH. The remaining states are SN1 and SN2. The
star symbol denotes that the occupancy rate of this state are significantly higher than all the other states (paired t test FDR-corrected, ∗: all P values
< 0.05, ∗∗: all P values < 0.01). b) Mean lifetime of brain states for SH which dominates 1-back and 2-back task blocks. c) Mean activation pattern of
brain states. SH is marked as the highest frontoparietal activity and the SL shows the lowest. For SM, FPN is slightly higher than 0 and DMN is close
to 0. SN1 and SN2 both show lower activity of 2 networks. ROIs are determined using a combination of activation map from GLM and templates from
Neurosynth. We draw spheres to illustrate the coordinates of these nodes for better presentation, but actually clusters of ROIs were used for extracting
the time series.

Measure structure-function coupling in brain
networks
First, functional connectivity between each pair of FPN and DMN
was estimated as the Pearson correlation coefficients between the
mean time series mentioned above. So, for each participant, a
12 × 12 weighted matrix encoding the functional connectome was
constructed. Connectivity profile was extracted from the func-
tional and structural connectivity matrixes and was represented
as vectors, including all edges for each participant. And then, the
structure–function coupling was measured as the Spearman rank
correlation between non-0 element of structural and functional
connectivity profiles (Baum et al. 2020). Finally, the rank correla-
tion was Fisher z-transformed for later analysis.

Results
Latent brain states of FPN and DMN regions
involved in working memory
Behaviorally, children exhibited lower efficiency in each condition
as compared to adults (Fig. 1c). We then investigated the dynamic
functional organization of large-scale brain networks during WM
processing, with a focus on the distributed regions of the FPN and
DMN. The BSDS identified a total of 5 brain states. The distribution
of the occupancy rate and mean lifetime of brain states in each
condition is mostly similar across the two groups (Supplementary
Fig. 2), so we did the next analysis about dominant states based on
all groups. Separate paired t tests were then conducted to examine
whether there were dominant brain states for 3 WM loadings. As
shown in Fig. 2a, these analyses revealed 3 dominant states for
0-back, 1-back, and 2-back conditions, as their occupancy rates
were significantly higher than any other states (all t(119) ≥ 3.42, P
values < 0.001 FDR-corrected, all Cohen’s d ≥ 0.50). Similar to one
previous study (Taghia et al. 2018), we referred these 3 dominant

states to a low-demand state (SL), moderate-demand state (SM),
and high-demand state (SH), respectively. The remaining states
were designated as nondominated states 1 and 2 (SN1 and SN2).
Parallel analyses revealed significantly higher mean lifetime of
SH than the other states in 1-back and 2-back conditions (all
t(119) ≥ 2.963, all P values < 0.01 FDR-corrected, all Cohen’s d ≥ 0.39,
Fig. 2b).

Each state had distinct patterns of mean activation and con-
nectivity patterns among 6 nodes within FPN and 6 nodes within
DMN (as shown in Fig. 2c and Supplementary Fig. 3). Since the
time series input to the BSDS were normalized with zero mean
and unit standard deviation, the zero is equal to the mean level
of brain activity during the whole task (Kottaram et al. 2019).
The negative activation (below average) means a relatively low
level of BOLD activity and positive activation (above average)
means a relatively high level of BOLD activity. SH showed the
highest activity in nodes of the FPN and the lowest in nodes of
the DMN, while SL had a completely opposite pattern with lowest
activity in nodes of the FPN and highest activity in DMN nodes.
SM was a state with slightly higher activity than 0 in the FPN
nodes and close to 0 for DMN nodes. The remaining 2 states both
showed low-level activity (almost <0) in 2 networks, especially
the mean activity of all nodes for SN2 were less than 0. These
results indicate that three cognitive-demand conditions could be
characterized by one dominant brain state each interspersed with
other non-dominant states.

Developmental differences in WM-related brain
states of FPN and DMN
Next, we investigated developmental differences in the prop-
erties of dynamic brain states associated with WM between
children and adults. Separate independent sample t tests were
conducted to investigate the differences in the occupancy rate
and mean lifetime of SH from childhood to adulthood (Fig. 3).
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Fig. 3. Occupancy rate and mean lifetime of key brain state differ between children and adults. a) Comparison of occupancy rate for SH during different
conditions between 2 groups. Adults have a higher occupancy rate of SH than children in every condition (independent-sample t test, ∗: P < 0.05,
∗∗: P < 0.01). b) Comparison of mean lifetime for SH during different conditions between 2 groups. Adults have a higher mean lifetime of SH than
children in 1-back and 2-back conditions (independent-sample t test, ∗: P < 0.05).

Fig. 4. Developmental difference of dynamic transition properties of brain states. a) Illustration of top 40% significant between-group differences of
transition probabilities. Solid lines represent that the transition probability of children is significantly higher than adults. Dotted lines represent the
opposite. (b and c) Comparison of transition probability about dominant states reveals that adults have higher probability from SL and SM to SH
compared with children, but there is no difference of transition probability from SH to SM and SL (independent-sample t test, ∗∗: P < 0.01).

Compared to children, adults had a higher occupancy rate of SH
in all 3 task conditions (0-back: t(118) = −3.760, P < 0.001, Cohen’s
d = −0.72; 1-back: t(118) = −1.997, P = 0.048, Cohen’s d = −0.37; 2-
back condition: t(118) = −3.894, P < 0.001, Cohen’s d = −0.70). During
1-back and 2-back conditions, adults had a higher mean lifetime
of SH than children (1-back: t(118) = −2.156, P = 0.049, Cohen’s
d = −0.38; 2-back: t(118) = −2.451, P = 0.017, Cohen’s d = −0.45).
Conversely, children had a higher occupancy rate and mean
lifetime of SN2 with relatively uniform activity in FPN and DMN in
each condition (Supplementary Fig. 4). These results indicate that,
compared with adults, children had a lower fractional occupancy
rate and mean lifetime of brain state with the highest FPN activity
and lowest DMN activity that dominant to highest task demand
condition.

Developmental differences in temporal
transitions among WM-related brain states
Transition probabilities of each subject were derived from the
BSDS model. We first averaged all the probabilities within groups
(Supplementary Fig. 5a and b). To further examine the develop-
mental differences in dynamic properties—transition probability
among different brain states during WM task between children
and adults, separate independent 2-sample t tests after FDR
correction revealed all differences in the transition probabilities
of each pair of brain states Supplementary Fig. 5c. Based on
the results, we then examined their maximum differentiation

between two groups. An illustration about the top 40% (both abso-
lute values of mean differences and effect size of t test) significant
between-group differences of transition probabilities (except self-
transitions) after multiple comparisons is shown in Fig. 4a. The
dotted line means children had higher value than adults and the
solid line means the opposite. Colors of lines represent which state
switches to other states. Children had higher probabilities tran-
siting to a state of SN2 which was characterized by lower activity
than that of both FPN and DMN from other states (all t(118) ≥ 5.858,
all P values < 0.001 FDR-corrected, all Cohen’s d ≥ 1.055). But
adults showed higher transition probabilities from SN2 to other
states (all t(118) ≤ −4.163, all P values < 0.001 FDR-corrected, all
Cohen’s d ≤ 0.761). These results indicate that children were more
prone to an inactive state during WM task as compared with
adults.

We further investigated developmental differences in the
transition probabilities among dynamic brain states dominant
to each of the 3 WM loads. Separate, independent 2-sample
t tests mentioned above revealed that adults showed higher
transition probabilities of SM and SL to SH than children (SM
to SH: t(118) = −4.005, P < 0.001, Cohen’s d = −0.73; SL to SH:
t(118) = −3.311, P = 0.002, Cohen’s d = −0.63; FDR corrected for
multiple comparisons, Fig. 4b and c). However, for the transition
from SH to SL and SM, there was no significant difference between
the two groups (SH to SM: t(118) = 1.092, P = 0.33, Cohen’s d = 0.20;
SH to SL: t(118) = 0.024, P = 0.98, Cohen’s d = 0.004; FDR corrected
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Fig. 5. Brain-state dynamics associated with age and behavioral performance. a) There is a significant positive correlation between occupancy rate of
SH in 2-back condition and age within children group. b–d) Transition probability of SL to SH is positively correlated with behavioral performance in
0-back, 1-back, and 2-back conditions, respectively (0-back: r = 0.207, P = 0.025; 1-back: r = 0.345, P < 0.001; 2-back: r = 0.252, P = 0.009; FDR corrected for
multiple comparisons).

for multiple comparisons, Fig. 4b and c). These results indicate
a lower transition probability from a low-load brain state to a
high-load brain state in children than adults.

Brain-state dynamics linked to working memory
performance and age-related increases
We further examined age-related changes in the properties of
dynamic brain states during childhood. After controlling the gen-
der, head motion, and behavioral performance, we found a sig-
nificantly positive correlation between age and occupancy rate
of SH (r = 0.319, P = 0.009, Fig. 5a). A marginally significant pos-
itive correlation was found between the mean lifetime of this
state and age (r = 0.237, P = 0.056) (Supplementary Fig. 6a). These
results indicate that the high-load state exhibits an increase
as a function of age during childhood. To investigate whether
WM-related brain states could predict the WM performance and
age, partial correlation analyses were applied to examine the
associations between the transition probability of SL switching
to SH and behavioral performance of two groups. Gender, head
motions, and age were included as covariates of no interest in the
partial correlation analyses. We found that the transition proba-
bility from SL to SH was positively correlated with the behavioral
performance in all of 3 conditions (0-back: r = 0.207, P = 0.024;
1-back: r = 0.345 P < 0.001; 2-back: r = 0.252, P = 0.006; all P values
were FDR corrected) (Fig. 5b–d). We also investigated whether
the transition probability from SM to SH was correlated with
WM performance. This analysis revealed a significantly positive
correlation in the 1-back condition (0-back: r = 0.154, P = 0.097;
1-back: r = 0.240, P = 0.009; 2-back: r = 0.036, P = 0.669; all P values

were FDR corrected) Supplementary Fig. 6b–d. These results indi-
cate that the higher probability of a high-load state switching
to an SL contributes to better performance during the working
memory task.

WM-related brain-state dynamics associated
with structural connectivity and
structure–function coupling
To address the association between brain structure and WM-
related state dynamics, we first examined the differences of
structural connectivity between children and adults. Independent
2-sample t test was applied to the mean FA between two groups,
and it was found that children showed lower mean FA than
adults (t(114) = −4.705, P < 0.001, Cohen’s d = −0.881, Fig. 6a). We
also found a significant correlation between age and mean FA
in children after regressing out covariants as gender and head
motion (r = 0.256, P = 0.0461, Fig. 6a). These results indicate that
structural connectivity across FPN and DMN increases with age
during childhood. Thereafter, we further investigated the relation-
ship between brain dynamics and structural connectivity. Partial
correlation analysis found that transition probability from SL
to SH positively correlated with mean FA after regressing out
age, gender, head motion, and behavioral performance (r = 0.203,
P = 0.0319, Fig. 6b). These results indicate that the increasement
of structure connectivity across FPN and DMN could facilitate the
brain transitions from low-to-high demand states.

Finally, we investigated the correlation of transition probability
from SL to SH with structure–function coupling.
Structure–function coupling was estimated by correlation
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Fig. 6. Structural connectivity increases with development and its link to brain state properties. a) In comparison with adults, children have lower mean
FA across FPN and DMN (left). And, mean FA increases with age within children group. b) Transition probability of SL to SH is positively correlated with
mean FA across FPN and DMN (r = 0.203, P = 0.0319).

Fig. 7. Structure–function coupling negatively associated with brain stater proporties. a) Illustration of measuring structure–function coupling. For
each subject, we computed the structural and functional connectivity matrixes, respectively. Structure–function coupling was then measured as the
spearman rank correlation between non-0 elements of structural and functional connectivity matrixes. b) Scatter plot shows negative correlation
between structure–function (based on time-averaged functional connectivity matrix) coupling and transition probability from low-to-high demand
states without exclusion of outliner (r = −0.2403, P = 0.0107). c) Same plot as (b) only with exclusion of an outliner (r = 0.2397, P = 0.0113).

between non-0 elements of structural connectivity matrix and
time-averaged functional connectivity matrix. We found both
significant negative correlation of structure–function coupling
and transition probability before excluding outliner (r = −0.2403,
P = 0.0107) and after excluding outliner (r = 0.2397, P = 0.0113)
when controlling the covariants as described above (Fig. 7). These
results indicate weaker structure–function coupling is linked to
more brain transitions.

Discussion
By leveraging a novel unsupervised BSDS method, we investi-
gated developmental differences in the brain-state dynamics of
FPN and DMN nodes involved in WM processing in children and
adults. We identified a brain state with the highest activity in
FPN dominant to high WM task demand (namely SH), and this
state presented as less frequent but was more short-lived in
children and its occupancy rate increased with age. In comparison
to adults, children were more likely to switch to inactive states
and it was more difficult to attain SH from the SL that was
positively correlated with the WM performance. Further, we found
a stronger structural connectivity in adults than children, but
weaker structure–function coupling indicated higher probability
from low-to-high demand states. Our findings suggest immature
dynamical organization of FPN and DMN nodes and its link to the
structural architecture of these systems involved in WM during
childhood.

We observed several aspects of prominent developmental dif-
ferences in the dynamical properties of brain states involved in
WM processing between children and adults. The first aspect is

that children exhibited less frequent and shorter duration in SH,
especially in the 2-back condition. Interestingly, the SH occupied
the most and persisted for the longest duration during the 2-
back condition and was accompanied with the highest mean
activity in FPN nodes and the lowest activity mean activity in DMN
nodes. This pattern of result is analogous to previous conventional
GLM activation studies (Curtis and D’Esposito 2003; Leung et al.
2004). For instance, higher recruitment of FPN is closely related
to holding more task-required information on-line, making more
efforts to monitor and manipulating processes as working mem-
ory load increases (Owen et al. 2005; Alvarez and Emory 2006; Ma
et al. 2012). These results suggest that children showed a lower
engagement along with less maintenance of the state related to
high-level cognitive allocation frequently and constantly when
compared to adults.

Demand-changing cognitive processes are always affected by
unobserved latent factors (e.g. mind wandering, mental fatigue,
and motivation) across time (Wascher et al. 2014; Gergelyfi
et al. 2015). These latent factors are insufficient to capture by
using static or length-average method limited by external task
condition in previous conventional studies (Seghier and Price
2018; Bolton et al. 2020). By implementing BSDS, our results found
that children had more occupancy rate and longer mean lifetime
of a state that had low activity in both FPN and DMN nodes.
Analogous state which characterized by relatively consistent low-
level activity of brain networks occurred frequently in resting
condition (vander Meer et al. 2020). Prior study also suggests
that this kind of state might be related to poor behavioral
performance and negative symptoms (Kottaram et al. 2019).
Based on that, we speculate that children may be affected
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more by these latent factors, which represents the dynamical
organization mentioned above. Furthermore, the sources of age-
related changes in dynamic states could be constrained by
anatomically frameworks (Deco et al. 2011; Avena-Koenigsberger
et al. 2018; Baum et al. 2020). One previous study found that
more segregation between modules and enhanced hub edges
supporting flexible communication between functional brain
network contributed to both specialization and coordination over
development (Baum et al. 2017). Immature brain structure and
function in children, however, may lead to the persistence of this
activity pattern that is suboptimal to support the performance
of flexible task demands. We also found that the occupancy
rate of the SH had a significant age effect within children group,
suggesting that the dynamical fluctuation of brain statess plays a
critical role during the developmental course. Together, our study
suggests that dynamical organization of the FPN and DMN nodes
cannot engage in and maintain an adult-like level of the SH during
demand-changing WM task in children.

By another aspect, our study found distinct transition probabil-
ity patterns during WM between children and adults. Occurrence
rate and mean lifetime mainly reflect the temporal changes in a
certain brain state, whereas the transition probabilities between
brain states are more about the moment-to-moment changes
among these states. The most prominent difference is that chil-
dren were more likely to switch to the state whose activities of
FPN and DMN were consistent and both lower than mean level of
brain fluctuation during the whole session. As mentioned above,
this state may represent a more inactive pattern closely related
with the resting state (vander Meer et al. 2020). This result suggest
that children were more likely to shift into a task-irrelevant
state regardless of what the last state was. It parallels with one
previous behavioral study which found that young children had
more difficulty in concentrating on the present task consistently
(Akshoomoff 2002).

Besides the prominent differences around the inactive states,
we also found that children had less probabilities transiting from
SL and SM to the SH like adults, but the transition probabili-
ties from SH to lower demand did not show significant differ-
ences. One recent study suggests that accessing 2-back state from
0-back state for healthy adults during working memory requires
more control energy than vice versa (Braun et al. 2021). Control
energy is theoretically defined as the effort of brain regions to
achieve the desired activation pattern based on the intercon-
necting white matter tracts (Gu et al. 2015), which reflects the
transition between distinct brain activation patterns and was
modulated by brain structure. This is supported by evidence from
behavioral studies, suggesting that switching to a difficult task
from the easy task always cost more time than switching in the
opposite direction (Rubinstein et al. 2001; Yeung and Monsell
2003). So, opposite transition directions between distinct task
demands had different levels of difficulties for subjects according
to both neuroimaging and behavioral findings. Previous studies
found that switching cost (i.e. larger reaction time) decreased with
age in children and showed a greater cost than adults (Reimers
and Maylor 2005; Crone et al. 2006; Tomporowski et al. 2008).
Recent study found that the functional transitions to an FPN-
activated state (seems like SH in our study) requires less energy
cost with age increases because of optimization of topological
distribution from white matter structure during development.
Although these developmental studies did not examine the dif-
ferences of opposite transition directions between different task
demands, they demonstrated that, at least, for children, switching
to a more difficult task condition or a more activated brain states

cost more time or control energy than adults according to the
behavioral and neuroimaging studies. Based on findings from
these studies, we speculate that switching to an optimal state-
related high cognitive-demanding condition from a state-related
low cognitive-demanding condition for children requires more
cognitive allocation and more mature structure which differs
significantly between children and adults. But the opposite switch
did not show the same high requirement, so this represents
little differences between children and adults. We also found the
behavioral performance linked to transition probabilities from the
SL to SH. The significant positive correlation revealed being more
prone to aforementioned efficient transition of brain states con-
tributed to better task performance. Further, we found that this
transition probability was more related to reaction time in com-
parison to accuracy. It may suggest that the dynamical transitions
of brain states is more beneficial for a faster reaction speed. Our
results suggest that children exhibit immature dynamics of brain-
state switching between distinct WM demands, which is closely
related with behavior.

The divergence of these transient brain states between children
and adults is mainly reflected by their distinct dynamical nature,
including occupancy rates and transition probabilities. Dynamics
of canonical brain networks are proved to capture more task-
evoked information and even to perform better in predicting
disease (Rashid et al. 2016; Jin et al. 2017; Liegeois et al. 2019).
Working memory is a fundemental cognitive ability that is broadly
involved in daily life and is closely related to academic perfor-
mance in children (Iuculano et al. 2011; Dumontheil and Klingberg
2012). Thus, our findings extend this existing knowledge on the
dynamical organization of FPN and DMN nodes underlying the
working memory in children, which could provide new insights for
typical and atypical development and even for the classification
on related developmental disorders such as ADHD. Moreover,
our study provides age-related charateristics of the moment-to-
moment transition probability between WM-related brain states
during childhood. Clarifying transitions of these brain states may
provide new inspiration for interventions on diseases, which may
allow the possibility of forcing an efficient transition using an
external stimulation like tDCS and TMS (Deco et al. 2019).

Furthermore, we found that children exhibited a lower struc-
tural connectivity strength across FPN and DMN than adults
and showed age-related increase in the strength from 7 to 12
years of age during childhood. Our findings are consistent with
previous studies. This demonstrates a protracted maturation pat-
tern of white matter maturation during childhood (Lebel et al.
2012; Lebel and Deoni 2018). Moreover, increasement of mean
FA is associated with higher transition probability from SL to
SH. This result suggests that stronger structural connectivity
contributes to effective brain dynamics which support behavior.
The increase of FA reflects axonal myelination, which facilitates
neuronal communication by enhancing signaling speed (Tomassy
et al. 2016; Lebel et al. 2019). Previous studies have suggested
that structural connectivity optimized with development better
controls the functional transitions of brain states (Tang et al.
2017). Our present finding further emphasizes the optimization
characterized by stronger structural connectivity, which suggests
a more effective neuronal communication to support better tran-
sitions. It has been proven that the coupling of brain function
and structure reflects the flexibility of functional communication
in brain regions (Baum et al. 2020). We found a weaker coupling
between structural connectivity and time-averaged functional
connectivity relating with higher transition probability. Lower
structure–function coupling that reflects the divergent pattern
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between structural network and functional network may support
the functional flexibility and dynamical recruitment of brain
regions when faced with diverse task demands (Yeo et al. 2015),
so suggesting more flexible dynamics. Together, we speculate that
our results may suggest that a stronger structural connectivity,
but lower coupling with functional connectivity, could contribute
to effective brain dynamics.

Several limitations should be considered for our findings. First,
the BSDS is a useful computational tool for characterizing the
dynamical latent brain states, but these states are the results of
a mathematical fitting model of observed data which needs con-
stricted assumption about model parameters. Second, we used a
cross-sectional design that lacks the tracking of each individual’s
developmental profiles in dynamical brain states during WM.
Finally, our present study only focused on FPN and DMN nodes
rather than the whole brain network due to the complexity of the
model and extensive computation resources. Future studies are
required to mitigate these limitations.

Conclusion
In conclusion, our study demonstrates an immature dynamical
organization of the FPN and DMN nodes during WM, which is char-
acterized by less occupancy rate of high-demand brain state and
more transitions to inactivated state but weaker transitions from
low-to-high task demand states. Such dynamics of WM-related
brain states appear to be constraited by structural connectivity.
Our findings extend current understanding of how the FPN and
DMN nodes are dynamically organized into a set of nuanced
brain sates to support moment-to-moment information updating
during WM and its links to structural connectivity. This line
of research provides ample opportunities for future studies to
further address on how the dynamical organization of large-scale
functional brain networks, which is facilitated by structural con-
nectivity and linked to structure–function coupling, contributes
to cognitive development from childhood to adulthood.
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