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A B S T R A C T

Environmental and social changes during early school age have a profound impact on brain development. 
However, it remains unclear how the brains of typically-developing children adjust white matter to optimize 
network topology during this period. This study proposes fiber length distribution as a novel nodal metric to 
capture the continuous maturation of brain network. We acquired dMRI data from N = 30 typically developing 
children in their first year of primary school and a one-year follow-up. We assessed the longitudinal changes in 
fiber length distribution, characterized by the median length of connected fibers for each brain region. The length 
median was positively correlated with degree and betweenness centrality, while negatively correlated with 
clustering coefficient and local efficiency. From ages 7 to 8, we observed significant decreases in length median 
in the temporal, superior parietal, anterior cingulate, and medial prefrontal cortices, accompanied by a reduction 
in long-range connections and an increase in short-range connections. Meta-analytic decoding revealed that the 
widespread decrease in length median occurred in regions responsible for sensory processing, whereas a more 
localized increase in length median was observed in regions involved in memory and cognitive control. Finally, 
simulation tests on healthy adults further supported that the decrease in long-range connections and increase in 
short-range connections contributed to enhanced network segregation and integration, respectively. Our results 
suggest that the dual process of short- and long-range fiber changes reflects a cost-efficient strategy for opti
mizing network organization during this critical developmental stage.

1. Introduction

Early school age is a critical period during which substantial trans
formations in children’s social and learning environments, alongside the 
refinement of brain networks, play a pivotal role in cognitive develop
ment (Gooch et al., 2016; Nagy et al., 2004; Strong et al., 2005). As the 
foundational architecture for brain network formation, white matter 
(WM) structure shows prolonged development from the mid-gestation 
through adolescence, marked by ongoing processes of myelination, 

synaptic proliferation, and pruning (Dubois et al., 2014; Krogsrud et al., 
2016; Peters et al., 2014; Yu et al., 2020). These processes gradually 
enhance the efficiency of brain network communication (Baum et al., 
2017; H. Huang et al., 2015; Zhao et al., 2019). Given that the brain is 
spatially constrained, the topological maturation process must balance 
the costs of connections, which are closely related to fiber length 
(Milisav and Misic, 2023). However, how brain regions adjust the bal
ance of long- and short-range connections to promote network matu
ration and influence cognitive development remains unclear.

* Corresponding authors at: Shanghai Key Laboratory of Brain Functional Genomics (Ministry of Education), Institute of Brain and Education Innovation, School of 
Psychology and Cognitive Science, East China Normal University, Shanghai, China

** Corresponding authors at: School of Life Science Department, East China Normal University, 3663 N. Zhongshan Road, Shanghai 200062, China.
*** Corresponding authors at: Shanghai Key Laboratory of Brain Functional Genomics (Ministry of Education), Institute of Brain and Education Innovation, School 

of Psychology and Cognitive Science, East China Normal University, Shanghai, China.
E-mail addresses: qcai@psy.ecnu.edu.cn (Q. Cai), lnlin@brain.ecnu.edu.cn (L. Lin), czhuang@psy.ecnu.edu.cn (C.-C. Huang). 

Contents lists available at ScienceDirect

NeuroImage

journal homepage: www.elsevier.com/locate/ynimg

https://doi.org/10.1016/j.neuroimage.2025.121066
Received 24 September 2024; Received in revised form 28 December 2024; Accepted 28 January 2025  

https://orcid.org/0009-0008-6892-2155
https://orcid.org/0009-0008-6892-2155
https://orcid.org/0000-0002-9096-9610
https://orcid.org/0000-0002-9096-9610
mailto:qcai@psy.ecnu.edu.cn
mailto:lnlin@brain.ecnu.edu.cn
mailto:czhuang@psy.ecnu.edu.cn
www.sciencedirect.com/science/journal/10538119
https://www.elsevier.com/locate/ynimg
https://doi.org/10.1016/j.neuroimage.2025.121066
https://doi.org/10.1016/j.neuroimage.2025.121066
http://crossmark.crossref.org/dialog/?doi=10.1016/j.neuroimage.2025.121066&domain=pdf
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/


NeuroImage 308 (2025) 121066

2

In studies of brain structural development, diffusion magnetic reso
nance imaging (dMRI) has been widely used as a non-invasive technique 
to examine WM structure and its topology (Lebel et al., 2019; Yu et al., 
2020). Researchers have shown that WM connectivity strengthens with 
development and cognitive maturation (Sherman et al., 2014) with 
tractography-based connectome analyses highlighting the pattern of 
network topological change during this stage (Dubois et al., 2021; Feng 
et al., 2023; Zhao et al., 2015). During the development process, brain 
structural networks become increasingly segregated and integrated, 
gradually resembling adult brains (Zhao et al., 2015). This process is 
driven by enhanced within-module connectivity (Baum et al., 2017; 
Puxeddu et al., 2020) and the shifting of network hubs from primary 
cortical areas in early childhood to association areas in later childhood 
(Baker et al., 2015; Baum et al., 2017; Oldham et al., 2022; Oldham and 
Fornito, 2019; Puxeddu et al., 2020). These differential changes in 
structural connectivity contribute to the optimization of hierarchical 
brain organization (Menon, 2013).

However, how long- and short-range interregional connections 
change during development to facilitate network segregation and hier
archy remains elusive. Two crucial factors underscore the importance of 
incorporating fiber length into developmental network studies: (i) short- 
range connections are observed later myelination until the third decade 
of life compared to longer connections (Lebel et al., 2012; Lebel and 
Beaulieu, 2011; Ouyang et al., 2017; Oyefiade et al., 2018); and (ii) 
primary networks have relatively short-range connections, while 
transmodal networks possess longer-range fibers (Sepulcre et al., 2010). 
Recent research supports that the fiber length distribution within brain 
regions can differentiate the complexity of functional networks (Bajada 
et al., 2019). Therefore, differences in maturation periods and functions 
between short- and long-range connections suggest that the length 
properties of interregional connections may change with age, reflecting 
alterations in the hierarchical positioning of these regions within an 
anatomically constrained brain network.

In this study, we first propose regional fiber length distribution as a 
novel nodal metric to describe how longitudinal alterations in WM 
arrangement facilitate topology maturation in early school-age children. 
Specifically, we associated the regional fiber length distribution with 
topological properties and studied its longitudinal changes from ages 7 
to 8. We conducted a meta-analytic decoding to investigate its functional 
meaning and performed a simulation test on healthy adults to determine 
the effect of connection distances on network topological properties. We 
hypothesize that longitudinal changes in fiber length distribution reveal 
how brain regions adjust their topological properties to support higher- 
order cognitive development in early school-age children, offering a 
novel perspective to explain how the brain becomes structurally more 
efficient.

2. Methods and materials

2.1. Participants

2.1.1. Children dataset
Among 317 participants undergoing MRI scans from the East China 

Normal University Study of Brain and Intellectual Developmental 
Mechanisms in Children and Adolescents Project, a total of 70 children 
without neurological disorders or intellectual disabilities were initially 
recruited, This study included 30 children (18 females and 12 males) 
who completed both T1-weighted and diffusion MRI imaging during 
their first grade in primary school (7.5 ± 0.3 yr) and at a one-year 
follow-up (8.6 ± 0.3 yr) (Table 1). This longitudinal cohort study was 
approved by the East China Normal University Ethics Committee, with 
written informed consent obtained from all participants and their 
parents.

2.1.2. Adult dataset
The adult dataset was used for a simulation test to investigate the 

spatial effect on topology. The dataset comprised 41 healthy (24 females 
and 17 males, 20.3 ± 1.6 yr) adults without physiological or psycho
logical issues, also approved by the East China Normal University Ethics 
Committee.

2.2. MRI acquisition

2.2.1. Children dataset
High-resolution T1-weighted (T1 w) images were acquired using a 

(TR/TE = 2300/2.5 ms, flip angle = 8◦, FOV = 224 mm, matrix size: 224 
× 224, 192 sagittal slices, voxel size = 1 mm isotropic). The multi-shell 
diffusion-weighted images (DWIs) were acquired using a single shot 
spin-echo planar imaging sequence (TR/TE = 3200/75 ms, matrix size =
128 × 128, voxel size = 2 mm isotropic, multiband factor = 3, phase 
encoding: anterior to posterior) with b-values of 1000 s/mm2 (64 
diffusion directions), 2000 s/mm2 (64 diffusion directions) and a b0 
image. A reverse phase-encoded (posterior to anterior) image was ac
quired to correct magnetic susceptibility-induced phase encoding di
rection artifacts.

2.2.2. Adult dataset
High-resolution T1-weighted (T1 w) images were acquired using a 

(TR/TE = 2500/2.22 ms, flip angle = 8◦, FOV = 224 mm, matrix size: 
208 × 300, 192 sagittal slices, voxel size=0.8 mm isotropic). The multi- 
shell diffusion-weighted images (DWIs) were acquired using a single 
shot spin-echo planar imaging sequence (TR/TE = 6600/73 ms, matrix 
size = 140 × 140, voxel size = 1.5 mm isotropic, multiband factor = 3, 
phase encoding: anterior to posterior) with b-values of 1000 s/mm2 (30 
diffusion directions), 3000 s/mm2 (60 diffusion directions) and 9 b0 
images interleaved. A reverse phase-encoded (posterior to anterior) 
image was acquired to correct magnetic susceptibility-induced phase 
encoding direction artifacts.

2.3. Data preprocessing

We used the Integrated Diffusion Image Operator (iDIO) pipeline 
(https://github.com/iDIO4dMRI/iDIO) for T1 w and DWI image (Hsu 
et al., 2023), preprocessing steps including (1) denoising (Veraart et al., 
2016), (2) Gibbs ringing artifacts removal,(Kellner et al., 2016) (3) 
signal drifting correction (Vos et al., 2017), (4) correction for eddy 
current induced distortion and head movements (S. M. Smith et al., 
2004), (5) susceptibility distortion correction (S. M. Smith et al., 2004), 
(6) B1 field inhomogeneity correction (Tustison et al., 2010). A 
Multi-Shell Multi-Tissue Constrained Spherical Deconvolution (MSMT 

Table 1 
Demographic Characteristics of the Participants.

Characteristics Adults (n =
41)

Children (n =
30)
Baseline mean 
(SD)

Follow-up 
mean(SD)

p- 
value

Sex, men/women 17/24 12/18 ​ ​
Age (years) 20.3 (1.6) 7.5 (0.3) 8.6 (0.3) ​
Education (years) 12.8 (1.6) 1 (0) 2 (0) ​
Kindergarten age 

(years)
– 3.7 (0.7) – ​

SWM – 5.3 (1.2) 5.3 (1.1) 0.895
ICV 1.45 (0.12) 

× 106
1.36 (0.13) ×
106

1.38 (0.12) 0.068

WMV 5.60 (0.56) 
× 105

4.84 (0.53) ×
105

4.95 (0.52) 0.008*

GMV 6.14 (0.55) 
× 105

6.73 (0.65) ×
105

6.75 (0.61) 0.801

Abbreviations: SWM, Spatial Working Memory; ICV, Intracranial Volume; WMV, 
White Matter Volume; GMV, Gray Matter Volume. Analysis performed with 
paired t-test between baseline and follow-up in children dataset. * p-value <
0.05.
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CSD) model was performed to estimate WM fiber orientation distribu
tion (FOD) (Dhollander et al., 2016; Jeurissen et al., 2014). All the tissue 
generated was applied multi-tissue informed log-domain intensity 
normalization (Raffelt et al., 2017).

T1 w image preprocessing includes Gibbs-ringing artifact removal, 
B1 field inhomogeneity bias correction, and a brain mask generated with 
skull-stripped using the antsBrainExtraction function (Avants et al., 
2009). A five-tissue-type (5tt) segmentation image was generated based 
on the T1-weighted image and then transformed to DWI space to 
improve the biological accuracy of tractography reconstruction 
(Patenaude et al., 2011; R. E. Smith et al., 2012; S. M. Smith, 2002; S. M. 
Smith et al., 2004).

2.4. Tractography

2.4.1. Children dataset
Due to the fiber length may be highly related to brain size, we built a 

longitudinal FOD template to control the effects of brain size and subtle 
variation between longitudinal individuals (Genc et al., 2018). For each 
participant, the timepoint 1 and timepoint 2 FOD maps were first 
transformed rigidly to their midway space and averaged to generate an 
intra-subject FOD template. All 30 intra-subject FOD templates were 
used to generate the unbiased longitudinal group template. For each 
participant, the FOD map was registered to the group FOD template by 
composing the linear and nonlinear transformations. The 5tt image was 
then registered to the template space.

The anatomically constrained tractography (ACT) was reconstructed 
using the iFOD2 (second-order integration) with a dynamic seeding al
gorithm where 20 million streamlines were generated (maximum tract 
length = 250 mm, minimal tract length = 5 mm, FOD amplitude = 0.05, 
curve angle = 45◦) (R. E. Smith et al., 2015a; Tournier et al., 2010) 

based on the FOD in each participant’s registered-template. The regis
tered 5tt image was used as prior biological information to ensure the 
streamlines terminated at the GM-WM interface.(R. E. Smith et al., 
2012) To improve the estimation of structural connection density, the 
spherical-deconvolution informed filtering of tractography (SIFT) was 
then applied, remaining 2 million streamlines per participant (R. E. 
Smith et al., 2013).

2.4.2. Adult dataset
The tractography parameters are identical to those for the children 

dataset.
The effect of brain size was not controlled in the simulation tests. The 

probabilistic tractography was reconstructed based on the native FOD, 
with 20 million streamlines generated and then filtered, leaving 2 
million remaining.

2.5. Connectome reconstruction

Structural connectomes were generated based on the HCPex atlas 
(containing 360 cortical regions and 66 subcortical regions) (Hagmann 
et al., 2008; C.-C. Huang et al., 2022; R. E. Smith et al., 2015b). The atlas 
was transformed into native space for adults (Fig. 1A) and longitudinal 
template space for children (Fig. 1C) respectively (details in Method S1). 
The number of streamlines between pairs of brain regions were 
measured, producing two 360 × 360 matrices for each individual per 
timepoint. By calculating the average length of streamlines in pairs of 
brain regions, we calculated the average length of streamlines assigned 
to each edge, generating the length connectome for each participant. To 
ensure the edge stability of the connectome, we applied a 
population-based connectome mask to each participant’s length con
nectome (Figure 1D; Method S2).

Fig. 1. Analysis workflow for the regional length. A, The workflow of Length Connectome reconstruction for both datasets. B, The fiber length distribution for 
each brain region is characterized by the nonzero value of each row/column of length connectome. The regional length is the median for fiber length distribution for 
its non-normality. C, Longitudinal group FOD template generation for children dataset. For each participant, the timepoint 1 and timepoint 2 FOD maps were first 
transformed rigidly to their midway space and averaged to generate an intra-subject FOD template. All 30 intra-subject FOD templates generated by averaging were 
used to generate the unbiased longitudinal group template. Each participant’s FOD was linearly transformed to their intra-subject template and then nonlinearly 
transformed to the group FOD template. The tractography was generated based on the transformed FOD and then the tractography-based connectome was recon
structed using the HCPex atlas. D, Connectome reconstruction. Each edge within the binary connectome performed the two-sided signed rank test to generate the 
connectome mask. For each length connectome was applied the connectome mask to retain the significantly-existed edges in this population. E, The statistics analysis 
for comparison of the regional length map (TP2-TP1). F, The simulation test was performed on an adult dataset to further investigate the geometric-related effect on 
the topological features.
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NeuroImage 308 (2025) 121066

4

2.6. Regional fiber length

For each brain region, the length of connectome rows was extracted 
to build the fiber length distribution for 360 cortical brain regions. Given 
the length distribution may be skewed towards short-range connections, 
the regional length was characterized by the nonzeros median for fiber 
length distribution of brain regions (Fig. 1B).

2.7. Topological properties

Graph theoretical measures for the binary structural connectome 
(360 cortical regions) of children were calculated using the Brain Con
nectivity Toolbox (https://sites.google.com/site/bctnet/measures/list) 
(Rubinov and Sporns, 2010). The measures included the global metric: 
global efficiency, and the nodal metrics: degree, betweenness centrality 
(representing integration), clustering coefficient, and local efficiency 
(representing segregation).

2.8. Association between topology and regional length

To investigate the topological meaning of the regional length, we 
examined the Pearson correlation between length median and nodal 
graph metrics (averaged over subjects) for the children dataset at 
baseline. We performed the null models to determine whether such as
sociations exist if the brain is not a spatial embedding system (Method 
S3).

2.9. Longitudinal changes in length median and its underlying mechanism

The differences in the length median for each brain region between 
two time points were assessed using a paired two-sample permutation 
test (detailed in https://statlab.github.io/permute/user/one-sample. 
html). We found the length-changed regions of interest (length- 
changed ROIs) with significant differences during development (1000 
permutations, p < 0.01). To investigate how the region’s connecting 
edges change leading to alteration in its fiber length distribution, we 
stratified the edges within the length connectome into five length 
ranges: 5–50 mm, 50–100 mm, 100–150 mm, 150–200 mm, and 

200–250 mm, then compared the count of node’s connecting edges 
falling within each length range using paired t-test.

2.10. Cognitive functions decoding

We conducted the meta-analytic decoding from the Neurosynth 
database (www.neurosynth.org) (Yarkoni et al., 2011) to identify the 
cognitive functions of length-changed ROIs. To further assess the asso
ciation between cognitive functions and spatial patterns of age-related 
change in the regional length, we assigned 360 brain regions into 2 
subsets according to the t-value (unthresholded positive and negative 
t-values) obtained from the comparison of length median and then 
associated the absolute t-values maps of 2 subsets with 24 Neurosynth 
topic terms covering a wide range of functions (Margulies et al., 2016; 
Paquola et al., 2019).

2.11. Simulated networks

We performed the simulation tests on healthy adults to demonstrate 
how changing connections at different Euclidean distance (ED) would 
affect the topological properties for adult dataset (Fig. 2A). Based on the 
empirical connectivity matrix, only one connecting edge was either 
removed or added respectively at a time to regenerate the simulated 
network. We then calculated the Pearson correlation between the ED of 
the changed edge and corresponding global and nodal graph metrics 
derived from the simulated networks to investigate the geometry-related 
effect on network topology (Fig. 2A). Considering that primary and 
hetero-modal association cortices may play different roles in the 
network, we selected L_V1 (primary visual cortex) and L_46 (dorsolat
eral prefrontal cortex, dlPFC) as representative brain regions due to their 
distinctions in both anatomical position and functional hierarchy.

In addition, to consider the effect of subcortical regions, the length 
median and graph metrics were calculated for connectomes with 426 
brain regions (including 66 subcortical areas), and all analyses were 
repeated to validate the stability of length median metric (see details in 
supplementary material).

Fig. 2. The association with topological characteristics of the network. A, The correlation between regional length and graph metrics at baseline. B, The 
histograms represent the Pearson correlation coefficients across regional length and graph metrics of the null model derived from 1000 permutations. The dashed 
lines represent the empirical Pearson correlation coefficients.
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3. Results

3.1. Longitudinal changes in brain volumes

Intracranial volume (ICV) and gray matter volume (GMV) showed no 
significant differences between the two time points, while white matter 
volume (WMV) increased significantly at the second time point (t =
2.82, p = 0.008) (Table 1). These results indicated an increase in white 
matter volume during the transition from 7 to 8 years of age, while gray 
matter volume remained unchanged.

3.2. Association between regional length median and graph metrics

At baseline, the regional length was positively correlated with graph- 
theoretical integration metrics, including degree (r = 0.78, p < 0.001), 
and betweenness centrality (r = 0.57, p < 0.001) but negatively corre
lated with segregation metrics including the clustering coefficient (r =
− 0.73, p < 0.001) and local efficiency (r = − 0.73, p < 0.001) (Fig. 2A). 
The correlation between the region’s length median and graph metrics 
remains significant when comparing correlation to 1000 null models 
(Fig. 2B). The associations between length median and topology are 
stable across different sparsities and graph metrics derived from the 
weighted connectome (Figure S1, Figure S3, and Figure S4). Addition
ally, these graph metrics exhibited no significant associations with brain 
volume.

3.3. Longitudinal changes in regional length during early school age and 
its underlying mechanism

By comparing the length median between two time points in early 
school-age children, we found that the length median of most brain 
regions decreased over the one-year interval. Brain regions with a 
significantly decreased length median (termed length-decreased ROIs) 
included L_TF, L_PHA1, L_TE1 m, L_7Am, L_7PL, L_VIP, L_25, L_a24, 
R_PBelt, and R_10d. Only R_FOP1 showed a significant increase in length 
median (termed length-increased ROI) over the one-year interval 
(Figure 3A; Table 2). One-sample t-tests on the t-values of brain regions 
within cortical divisions showed that the cortex with significant re
ductions in fiber length distribution were located in the early auditory, 
auditory association, lateral temporal, superior parietal, anterior 
cingulate, and medial prefrontal cortex (Fig. 3B). The effects of applying 
and not applying the connectome mask on the changes of regional length 
median were evaluated and shown in the supplementary results (Result 
S2; Figure S2).

To further explain the mechanisms underlying these changes, we 
analyzed the length distribution by comparing the counts of edges across 
different length ranges. We found a general pattern that the count of 
short-range connections increased in most brain regions regardless of 
the change direction of length median. However, the count of longer- 

range connections decreased in length-decreased regions, and 
conversely increased in length-increased regions. (Figure 3C; Figure S6).

3.4. Meta-analytic functional decoding

The meta-analysis showed that the length-changed ROIs are most 
related to autobiographical memory (Fig. 4A). Furthermore, the brain 
regions that exhibited increasing fiber length distribution are more 
related to integrative functions, such as “episodic memory”, “cognitive 
control” and “inhibition”. While the brain regions showed decreasing 
fiber length distribution are more related to sensory processes, such as 
“auditory”, “multisensory”, “action” and “visuospatial”. Critically, some 
cognitive functions are associated with both subsets, such as “social 
cognition”, “emotion”, “autobiographical memory”, “language”, 
“reading”, and “semantics” (Fig. 4B).

The longitudinal results remained unchanged when subcortical re
gions were included in the connectome (see details in supplementary 
results, Figure S8, Figure S9, Figure S10 and Figure S11; Table S1).

3.5. Effects of edge length on network topological properties

To demonstrate the dynamics of topological alterations affected by 
changing connection in different distance, we calculated the graph 
metrics for two selected brain regions (L_46 and L_V1) with only one 
connection removed or added then correlated the changed connection 
length with corresponding graph metrics. For both brain regions, ED of 
added edge is positively correlated with network integration (global 
efficiency and betweenness centrality), while negatively correlated with 
segregation (clustering coefficient and local efficiency). Conversely, the 
ED of the removed edge is positively correlated with network segrega
tion and negatively correlated with integration (Fig. 5B, Figure S12), 
indicating that removing longer range connection leads to higher 
segregation and lower integration, while adding longer range connec
tion leads to higher integration and lower segregation. Simulations 
conducted on other brain regions in the adult dataset also showed 
similar patterns (Figure S11).

4. Discussion

In this study, we identified longitudinal changes in fiber length 
median among early school-age children from age 7 to 8 years. We found 
a general decrease in length median in the fronto-parietal and medial 
temporal areas, along with increased short-range and decreased long- 
range fiber connections. Meta-analytic functional decoding suggested 
that reduced length median in brain regions is linked to sensory pro
cessing, while increased length median in brain regions related with 
memory and cognitive control. Simulation tests in healthy adults indi
cated these alterations reflect a balance between network segregation 
and integration, highlighting the developmental maturation of brain 

Table 2 
Alterations in the regional length.

ID Region RegionLongName Cortical Division t-value p-value

Length-decreased ROIs ​ ​ ​ ​ ​
84 L_TF Area_TF Medial_Temporal − 3.849 0.002
85 L_PHA1 ParaHippocampal_Area_1 Medial_Temporal − 3.109 0.004
90 L_TE1m Area_TE1_Middle Lateral_Temporal − 2.971 0.006
102 L_7Am Medial_Area_7A Superior_Parietal − 3.487 0.004
104 L_7PL Lateral_Area_7P Superior_Parietal − 2.96 0.01
110 L_VIP Ventral_IntraParietal_Complex Superior_Parietal − 2.483 0.006
136 L_25 Area_25 Anterior_Cingulate_and_Medial_Prefrontal − 3.166 0.004
140 L_a24 Area_a24 Anterior_Cingulate_and_Medial_Prefrontal − 2.942 0.002
237 R_PBelt ParaBelt_Complex Early_Auditory − 3.282 0.002
330 R_10d Area_10d Orbital_and_Polar_Frontal − 3.285 0.01
Length-increased ROIs ​ ​ ​ ​ ​
229 R_FOP1 Frontal_Opercular_Area_1 Posterior_Opercular 2.781 0.01

1000 permutations, p < 0.01.

Y. Yu et al.                                                                                                                                                                                                                                       
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Fig. 3. Developmental changes in regional length. A, The brain regions with significant longitudinal changes (1000 permutations, p < 0.01). B, The spatial 
pattern of altered fiber length distribution of brain regions ordered by their belonging cortex based on the HCPex atlas. The blue dots represent the regions with 
significantly decreased length distribution, while the red dots represent the regions with significantly increased length distribution. One-sample t-tests were then 
performed for the t values of regions within the belonging cortex. The cortex that survived the FDR correction is denoted by asterisks. C, The matrices show the 
comparison of the count of edges at two-time points in different length ranges. Yellow represents an increase in the number of edges and purple represents a decrease. 
The columns of the matrix represent connections of different length ranges projected from brain regions. The rows of the matrix are the brain regions ordered 
according to the p values obtained from the comparison of length median at two-time points. The log-transformed p-value for each brain region is shown at the 
corresponding position of the right panel. Gray dots represent brain regions with insignificant differences in length median. The matrices list only the top 100 most 
significantly-changed cortical regions (50 increasing and 50 decreasing). The complete list can be found in the Figure S5.

Fig. 4. The mechanism and Neurosynth topic representation of alterations in regional length. A, NeuroSynth decoding for the significantly changed regions in 
fiber length distribution (ROIs). Topic terms with large size represent higher probability. B, NeuroSynth continuous decoding for brain regions with positive t-value 
(age-related increase in regional length, red) and negative t-value (age-related decrease in regional length, blue) respectively using 24 topic terms. The rows 
(cognitive terms) were organized based on the difference in correlations from continuous decoding of absolute positive and negative t-values to, calculated as rpos − rneg

rpos+rneg
.
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structures in early school-age children from a network topological 
perspective.

The proposed regional length, characterized by the median of inter- 
regional fiber length distribution, measures a brain region’s capability to 
connect distal areas and may serve as an indicator of network integra
tion or segregation (Bajada et al., 2019). Longitudinal observations 
further revealed a widespread decrease in fiber length median, partic
ularly in the superior parietal, medial prefrontal cortices, anterior 
cingulate, and temporal lobe. Notably, regions within the fronto-parietal 
network (FPN), including VIP, 7PL, 7Am in the left superior parietal 
lobe, and a24, 25, 10d in the left prefrontal cortex, showed significant 
reductions in length median, indicating the critical role of FPN in 
cognitive development, such as executive function, reasoning, and in
telligence (DeSerisy et al., 2021; Dumontheil et al., 2010; Wang et al., 
2020). Research suggests that FPN become more segregated during 
development, associated with improved executive function (Parlatini 
et al., 2017; Wang et al., 2020). The anterior cingulate and medial 
prefrontal cortices, involved in task control, also showed increased 
segregation with age (Fair et al., 2007). Moreover, enhanced segregation 
was observed in the lateral temporal cortex during early development 
(Cao et al., 2017), supported by our findings of decreased length median 
in TE1 m and TF regions. The right frontal-opercular (r-FOP1) showed 
an increase in length median during this stage, potentially regulating 
posterior brain activity for response selection (Higo et al., 2011), while 
the integration of the cingulo-opercular network, associated with 
improved inhibitory control, also increased with age (Marek et al., 
2015). These findings align with previous studies using structural (Baum 
et al., 2017; Puxeddu et al., 2020; Zhao et al., 2015) or functional 
connectome analyses (Tooley et al., 2022; Wu et al., 2013), suggesting 
ongoing optimization of brain topological organization, particularly in 
FPN regions.

We found that a reduction in long-range connections likely contrib
utes to the changes in median fiber length observed in this stage of 
development. This reduction may result from axon pruning – a process 
that occurs from infancy to early adulthood – where unnecessary neural 
connections are eliminated through cell death (Liang et al., 2022) or 
small-scale synaptic reorganization, leading to a more efficient brain 
network (Low and Cheng, 2006). This provides evidence for the process 
of network reconfigurations during the early school age (Dong et al., 
2021; Park et al., 2022; Stikov et al., 2011; Xia et al., 2022). An 
intriguing finding from our simulation test was that removing 
long-range connections increases segregation but does not significantly 
affect integration. This may be explained by percolation theory, which 
suggests that while synaptic pruning reduces some connections, the 
overall network maintains its efficiency because key connections are 
preserved (Razban et al., 2023). Combined with our findings of 
increasing white matter volume with age, we speculate that regions in 
FPN and lateral temporal lobes removed excess long-range connections 
to make space for further myelination of newly developed short- or 
long-range WM (Stikov et al., 2011). Conversely, fewer brain regions 
exhibit an increasing length median, suggesting that enhanced segre
gation outweighs integration at this stage.

Moreover, an age-related increase in short-range connections (5–50 
mm) was found in most brain regions, aligning with previous studies 
(Ouyang et al., 2017). Our simulation tests indicate that adding 
short-range connections contributes to enhance network integration 
instead of increasing the clustering of nearby brain regions. Hence, we 
speculate that increasing short-range connections may represent a 
cost-effective strategy for enhancing integration, while removing short 
connections results in a decline in segregation, highlighting the crucial 
role of short-range connections in supporting network hierarchy. The 
simulation results in early-school-age children, consistent with findings 

Fig. 5. Simulation test on the adult dataset. A, The workflow for the simulation test. L_46 (located in the dorsolateral prefrontal cortex) and L_V1 (located in the 
primary visual cortex) were selected as representative brain regions for the simulation test. For a specific brain region, only one connecting edge was removed (blue) 
or added (red) for each simulation. Then the Pearson correlations between the Euclidean distance of removed/added edge and the corresponding graph metrics were 
calculated. The dashed lines represent the empirical graph metrics. B, The Pearson correlations between the Euclidean distance of changed edge and global/nodal 
graph metrics for an arbitrarily chosen participant in the adult dataset. C, The boxplot of the correlation coefficients in the adult dataset. A higher absolute value of 
the correlation coefficient represents a larger geometric effect on the topological features.
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in adult dataset (Figure S12), further underscore the robustness of this 
finding across developmental stages. Abnormal pruning of short-range 
connection may reduce modularity and lead to mental illnesses 
(Alexander-Bloch et al., 2013), which was rarely observed in 
typically-developing children’s brains. The simulation provides a dy
namic representation of geometry-related topological variations, offer
ing insights into underlying mechanisms that cannot be fully captured 
by snapshots at specific time points. Other regions were also simulated, 
demonstrating similar geometry-related effect on topology: removing 
longer range connection leads to higher segregation and lower inte
gration, while adding longer range connection leads to higher integra
tion and lower segregation (Figure S11). The consistent patterns 
observed in our simulations strongly support the rationale for using the 
length median as a nodal metric to characterize network topology.

One possible explanation for region-specific alterations in fiber 
length distribution is the economic trade-off principle, suggesting the 
brain must balance wiring cost and topological value as a spatial 
embedding system (Assaf et al., 2020; Bullmore and Sporns, 2012; 
Horvát et al., 2016; Sporns et al., 2007; Sporns and Honey, 2006; 
Thiebaut de Schotten and Forkel, 2022). Due to anatomical constraints, 
forming complex topology requires integrating local modules and 
distant areas through limited but well-arranged WM connections 
(Horvát et al., 2016; Thiebaut de Schotten and Forkel, 2022). Hub re
gions also exhibit more long-range connections with remote areas 
(Sporns et al., 2007), exemplified by the default-mode network (DMN), 
which shows the greatest geodesic distance from sensory/motor regions, 
underlining its role in integrating multisensory perception (Margulies 
et al., 2016; Smallwood et al., 2021). Despite higher wiring costs, longer 
connections are believed to act as shortcuts, enhancing communication 
efficiency by reducing path length (Bassett and Bullmore, 2017; Sporns 
and Zwi, 2004). Long-range connections link regions with dissimilar 
micro-architectures (Bazinet et al., 2023), improving system dynamics 
(Betzel and Bassett, 2018; Pang et al., 2023). Therefore, the communi
cation range of a brain region may reflect its necessity for information 
transfer (Bullmore and Sporns, 2012; Sporns et al., 2007), particularly 
pronounced in the DMN and FPN-related regions. Based on our findings 
and previous research, we propose that the most effective strategy to 
optimize network efficiency within the existing children’s brain network 
is to increase short-range connections while pruning long-range con
nections. This dual adjustment seems crucial for enhancing both segre
gation and integration, which is essential for cognitive development and 
the brain’s structural adaptation during this critical stage (Low and 
Cheng, 2006; Ouyang et al., 2017).

The meta-analytic decoding results showed that brain regions with 
significant changes in fiber length distributions are primarily linked to 
autobiographical memory, which typically develops during the first 
decade of life (Bauer, 2015). Further analyses revealed that regions with 
decreased fiber length are more associated with the development of 
auditory and multi-sensory functions. This finding suggests that areas 
responsible for sensory functions are still maturing at this stage, and 
their increasing segregation from other areas within the network may 
benefit to overall network communication (Cassady et al., 2020; Rankin 
and Rinzel, 2019; Snyder and Alain, 2007). In contrast, regions with 
increasing fiber length median are linked to memory functions, implying 
that the development of autobiographical and episodic memory may 
depend on integrating multiple distant brain regions (Geib et al., 2017; 
Westphal et al., 2017). Overall, these meta-analytic decoding results 
highlight that changes in region-specific fiber length distribution reflect 
dynamic adjustments at this stage, potentially contributing to the 
maturation of key cognitive abilities.

5. Limitation

This study presents several limitations. First, the single-site longitu
dinal design with a limited sample size suggests the need for larger 
sample sizes to better delineate regional length changes in the 

developmental process. Second, the impact of changes in long- and 
short-range connections across different age periods remains unknown. 
Future studies should include more data spanning the entire lifespan to 
assess the proposed metrics as potential biomarkers. Lastly, although we 
observed overall similar patterns across different brain regions in the 
simulation tests, the specific differences in geometry-related topological 
properties among regions and the underlying factors contributing to 
these regional differences remain unclear. We propose that under
standing how change in fiber length median affect topological properties 
across regions is important and could serve as an intriguing nodal index, 
reflecting the extent to which geometric constraints influence connec
tivity. Further research is needed to comprehensively investigate these 
regional variations. Nevertheless, the consistent topological effect 
induced by geometry observed in our simulations supports the rationale 
for using the length median as a nodal metric to characterize network 
topology.

6. Conclusions

This longitudinal study offers important insights into how brain 
networks reconfigure during early school age. Our findings suggest that 
pruning unnecessary long-range connections and increasing short-range 
connections work together to facilitate network segregation and inte
gration. This dual process reflect the brain’s strategy to optimize effi
ciency by balancing the wiring cost and topological value. These 
mechanisms are crucial for the hierarchical organization of brain net
works and play a pivotal role in cognitive development during early 
school age. Overall, the study contributes to a deeper understanding of 
how structural changes in the brain support the cognitive development 
and adaptation to environmental demands during this crucial develop
mental stage.
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