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Abstract

During the prenatal period and the first postnatal years, the human brain undergoes rapid growth, which establishes a pre-
liminary infrastructure for the subsequent development of cognition and behavior. To understand the underlying processes
of brain functioning and identify potential sources of developmental disorders, it is essential to uncover the developmental
rules that govern this critical period. In this study, graph theory modeling and network science analysis were employed to
investigate the impact of age, gender, weight, and typical and atypical development on brain development. Local and global
topologies of functional connectomes obtained from rs-fMRI data were collected from 421 neonates aged between 31 and
45 postmenstrual weeks who were in natural sleep without any sedation. The results showed that global efficiency, local
efficiency, clustering coefficient, and small-worldness increased with age, while modularity and characteristic path length
decreased with age. The normalized rich-club coefficient displayed a U-shaped pattern during development. The study also
examined the global and local impacts of gender, weight, and group differences between typical and atypical cases. The
findings presented some new insights into the maturation of functional brain networks and their relationship with cognitive
development and neurodevelopmental disorders.
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Introduction

The human brain undergoes profound anatomical and func-
tional transformations during early development, particu-
larly from the last trimester of pregnancy through the first
two postnatal years (Knickmeyer et al. 2008; Gilmore et al.
2018; Kostovic et al. 2019; Li et al. 2019). These changes
lay the foundation for later behavioral and cognitive pro-
gressions and facilitate the acquisition of fundamental
skills during subsequent years (Yakovlev 1967; Hutten-
locher 1979; Huttenlocher and Dabholkar 1997; Miller et al.
2012). Furthermore, several major psychiatric disorders can
significantly disrupt the typical sequence of development
during early brain development (Marin 2016; Hazlett et al.
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2017). Therefore, it is imperative to recognize both typical
and atypical developmental changes in the brain’s topologi-
cal features to identify developmental disorders at an early
stage.

It is essential to comprehend the development of various
interlinked brain systems in addition to studying the matu-
ration of structural and functional aspects across different
brain regions. Advanced non-invasive imaging techniques
have facilitated researchers in mapping the structural and
functional connectivity of the brain network and identifying
the reorganization of neural interactions within a network
framework (Kelly et al. 2012; Sporns 2013; Salehi et al.
2010; Cao et al. 2017; Centeno et al. 2022). The use of net-
work science in functional brain networks has shown key
topological characteristics impacting human behavior, such
as the efficient network architecture, the small-world topol-
ogy (Onoda and Yamaguchi 2013; John et al. 2017; Pdeske
et al. 2020), which maintains a balance of integration and
segregation for fast information transfer between the areas,
the modular structure (Onoda and Yamaguchi 2013; Boeken
et al. 2022), the high-central or high-degree hubs (Markett
et al. 2016; Chen et al. 2021; Neudorf et al. 2022), and the
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rich-club architecture (van den Heuvel and Sporns 2013;
Kim and Min 2020; Zhao et al. 2021), which is comprised
highly interconnected hubs forming the main backbone for
the network’s efficient communication.

Research on the functional brain networks of infants has
uncovered significant changes in early topological proper-
ties. Studies have shown that the infant brain network under-
goes continuous reorganization, with only a few connections
rewired to establish more efficient organizations (Thomason
et al. 2015; Cao et al. 2017; Zhao et al. 2019). These changes
in functional interactions mediate the emergence of com-
plex cognitive functions in the early stages after childbirth
(Cohen and D’Esposito 2016). Previous investigations of
functional connectivity, utilizing independent component
analyses or seed-based connectivity, have detected distinc-
tive functional networks in the infant brain, including pri-
mary auditory, visual, and sensorimotor networks, as well as
the default-mode and executive-control networks engaged in
heteromodal tasks (Thomason et al. 2015; Gao et al. 2015;
Emerson et al. 2016; Rajasilta et al. 2020).

Additionally, network science showed that small-world
property and rich-club organization were discovered in the
brains of premature neonates at around 30 postmenstrual
weeks (PMW) (Cao et al. 2017). Hubs in mature newborns
spread into the visual and primary sensorimotor regions as
well as the Wernicke’s region as they develop (Fransson
et al. 2011; Cao et al. 2017). A remarkable modular struc-
ture was detected in fetal brains during the gestational age
of about 20 weeks in utero (Thomason et al. 2014), and in
preterm brains at around 30 postmenstrual weeks (Cao et al.
2017). Moreover, the functional networks’ clustering coef-
ficient significantly increased, and their participation coef-
ficient decreased with age (Cao et al. 2017). This indicates
an increased segregation process happening during develop-
ment. In the fetal fMRI study (Thomason et al. 2014), find-
ings also revealed a decrease in modularity and an increase
in the strength of connections between the modules with
age, indicating an improvement in the network integration
process. After childbirth, the local and global efficiencies
of the functional connectomes increased in one-year-old
infants compared with neonates, but remained unchanged
in the second year (Gao et al. 2011). Following the first year
of life, one MEG study identified significant increases in the
sensorimotor network’s global and local efficiencies (Ber-
chicci et al. 2015). These changes refer to an enhancement
in both network segregation and integration processes during
the early postnatal period.

Investigating the brain at an earlier stage than full-term
birth is of paramount importance for comprehending the
emergence of topological properties in brain networks.
However, previous studies have primarily utilized adult
preprocessing pipelines and structural atlases, focused on
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a limited number of network metrics, employed cross-sec-
tional analyses, and utilized small sample sizes. Therefore,
it is crucial to employ more advanced and comprehensive
techniques on high-quality data to investigate the early
developmental trajectory of the neonatal brain. Due to the
unique characteristics of neonatal brains and the differ-
ences in data acquisition, anatomy, tissue composition,
low contrast, and high levels of head motion, it is neces-
sary to utilize a different framework to preprocess fMRI
data (Cusack et al. 2017; Mongerson et al. 2017; Smyser
et al. 2016). This study utilized the dHCP neonatal fMRI
pipeline (Fitzgibbon et al. 2020), which minimally pre-
processes the data with high-quality assurance and low
failure rates. Additionally, we regressed out the average
white matter (WM) and cerebrospinal fluid (CSF) signals
from the voxels’ time series, and the resulting images were
subjected to bandpass filtering and smoothing (Salimi-
Khorshidi et al. 2014; Howell et al. 2020). In the network
construction step, we aimed to capture functional connec-
tivity patterns and ensure more information retention and
an accurate representation of the connectivity between
different brain regions in this population (Craddock et al.
2012; Shi et al. 2018; McGrath et al. 2022). To achieve
this, we defined the network nodes using the functional
neonatal atlas and employed weighted edges to enhance
information retention between the network nodes, thus
generating homogeneous functional brain regions and
functional connectivity patterns. Prior infant research has
predominantly focused on the impact of age, and there
is evidence suggesting significant gender differences in
the network properties of structural and functional brain
networks in adults (Smith et al. 2014; Mijalkov et al.
2023). Therefore, in this study, our objective was to exam-
ine broader factors, including the impact of age, weight,
gender, and typical and atypical development, as well as
their interactions, on the network metrics from 31 to 45
postmenstrual weeks. We explored various functional net-
work metrics, such as global efficiency, local efficiency,
node degree, normalized rich-club coefficient, modularity,
clustering coefficient, small-worldness, and characteristic
path length. Based on previous studies, we expected that
the functional network of typical neonates would exhibit
increased global and local efficiency (Gao et al. 2011; Ber-
chicci et al. 2015) and decreased modularity (Thomason
et al. 2014) with age. Additionally, we hypothesized that
age, weight, gender, and group differences between typi-
cal and atypical cases would impact the functional con-
nectome’s local and global topological characteristics. By
employing a network science approach, we conducted a
comprehensive analysis of the whole-brain functional net-
work topology to identify differences in network metrics
between typical and atypical participants and among males
and females with varying weights.
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Materials and methods
Participants and MR acquisition

The subjects of this study were four hundred and twenty-
one (N = 421) healthy neonates aged between 31 and 45
weeks of gestation. As a part of the Developing Human
Connectome Project (dHCP), the third data release (2021),
their MR images were scanned. They were 225 males and
196 females, among which 363 neonates were typical and
58 were atypical (DHCP 2021). It is necessary to note that
the third open-access data release comprised the images
of 783 neonatal participants. All newborns underwent
one 63-minute scanning session on a three Tesla medi-
cal scanner equipped with a 32-channel dedicated neo-
natal head coil (Hughes et al. 2017). The data included
structural imaging, diffusion magnetic resonance imaging
(dMRI), and resting-state functional magnetic resonance
imaging (rs-fMRI). The structural MR images had high
resolution, i.e., T1-weighted and T2-weighted images,
with an in-plane resolution of 0.8 x 0.8 mm? and a thick-
ness of 1.6 mm overlapped by 0.8 mm (Hughes et al. 2017,
Cordero-Grande et al. 2018). A high-temporal resolution
multiband EPI sequence (TR = 392 ms; 2.15 mm isotropic)
was used to obtain approximate 15 min (2300 volumes)
of rs-fMRIs from each participant. Additionally, single-
band EPI reference scans were gathered with a bandwidth-
matched readout, followed by spin echo EPI acquisitions
with PA (posterior — anterior) and AP (anterior — poste-
rior) phase-encoding directions (Malik 2015; Price et al.
2015).

This data release had some minimal accompanying
metadata, such as age at birth, age at scan, gender, birth
weight, head circumference, and the radiology score (rad-
Score). A specialist in perinatal neuroradiology examined
the MRI scans using the radiology score, implementing the
following scales (DHCP 2021): 1 = normal appearance for
age; 2 = incidental findings with some trivial significance
for the clinical outcome or analysis, like the subdural hem-
orrhage, isolated subependymal cysts, and mild inferior
vermis rotation; 3 = incidental results with trivial clinical
significance but conceivable analytical significance, such
as the existence of several punctate lesions or some other
focal white matter or cortical lesions that were not of clini-
cal significance; 4 = incidental results with conceivable

clinical significance and unseeming analytical signifi-
cance, like the isolated non-brain anomaly in the pituitary
or on the tongue; 5 = incidental results with conceivable
significance for the clinical and imaging analyses, such
as the detection of important lesions in the white matter
cortex, the cerebellum, and/or the basal ganglia, as well
as the small head or brain, i.e., < 1 st centile; Q = poor-
quality data. The present study implemented radScore =
1 and radScore = 5 to represent typical and atypical cases,
respectively. Table 1 presents a comprehensive overview
of the demographic information.

Preprocessing and network construction

Figure 1 displays the multi-threshold functional process-
ing pipeline that was implemented to construct and analyze
the functional brain networks of the neonates. The pipe-
line utilized several Python packages, including ANTS Py
(Avants et al. 2009), f sl py (Jenkinson et al. 2012; Smith
et al. 2004), pybi ds (Gorgolewski et al. 2016), ni | ear n
(Abraham et al. 2014), and the Brai n Connectivity
Tool box for Python (BCTPY) (Rubinov and Sporns
2010). In addition, statistical analysis was performed using
the st at snodel s (Seabold and Perktold 2010) package.

The T2-weighted images were analyzed using the dHCP
preprocessing pipeline as the anatomical reference to provide
a solid contrast for brain tissue segmentation compared to the
T1-weighted images (Bozek et al. 2018; Makropoulos et al.
2018). Bias correction was implemented in the preprocessing
procedure using the N4 algorithm (Tustison et al. 2010), fol-
lowed by brain extraction using FSL-BET (Brain Extraction
Tool) (Jenkinson et al. 2012; Smith 2002). The DRAW-EM
algorithm was then used to segment the images into gray mat-
ter (GM), white matter (WM), and cerebrospinal fluid (CSF)
(Makropoulos et al. 2014).

The dHCP preprocessing pipeline was also utilized for the
minimally preprocessed rs-fMRI data. This procedure involved
correcting susceptibility field distortions, the timing of slices,
and motion artifacts (Fitzgibbon et al. 2020). Additionally,
images were denoised by removing motion artifacts, followed
by independent component analysis (ICA) and high-pass fil-
tering (150 s) using FSL-FIX (Salimi-Khorshidi et al. 2014).
The images were then transformed to the T2-weighted space
and further into the newborn’s standard template space (Fitz-
gibbon et al. 2020; Serag et al. 2012). The average WM and
CSF signals from the voxels’ time series were regressed out

Table 1 Demographic

. . . Group N Male, Birth age (weeks) Scan age (weeks) Birth weight (kg)
information of the participants
in this study N (%) Mean+SD  Range Mean+SD  Range Mean+SD
Typical 363 197 (54) 38.3+3.5 23.7-42.7  40.6+2.8 32.1-449  3.0+0.8
Atypical 58 28 (48) 34.1+5.1 23.042.1 38.6+3.6 314-443 22+1.0
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Fig. 1 Multi-threshold functional processing pipeline used for the
construction and analysis of neonatal functional connectomes. The
sMRI and fMRI images underwent minimal preprocessing using the
dHCP preprocessing pipeline. Additionally, the average WM and
CSF signals from the voxels’ time series were regressed out, and the
resulting images were subjected to bandpass filtering and smoothing.
The network nodes were defined using the functional neonatal atlas,

in addition to the minimal preprocessing steps. The result-
ing images were bandpass filtered in the frequency range of
0.009 — 0.08 Hz and smoothed with a 3 mm FWHM Gaussian
kernel, as recommended by Howell et al. (2020) (see Fig. 1).

Defining the nodes of a network is a crucial step in
applying network science methods to functional brain data.
Although some infant studies have used anatomical atlases
as nodes (Gao et al. 2011; Asis-Cruz et al. 2015), these
atlases have limitations in terms of functional homogeneity
and representation of functional connectivity patterns (Crad-
dock et al. 2012; Shi et al. 2018). To generate homogeneous
functional regions of interest (ROIs), the entire brain was
parcellated into 223 cortical and subcortical nodes, utilizing
the functional neonatal atlas provided by Shi et al. (2018).
The atlas was warped back to its native space for each par-
ticipant using the inverted deformation field derived from
the registration step. Subsequently, the average time courses
of all voxels within each ROI were extracted, and Pearson’s
correlation was computed between each pair of nodes,
resulting in a 223 x 223 pairwise connectivity matrix for
each subject. Different thresholding approaches were used
to ensure that the findings were not biased by a single thresh-
old. Furthermore, the derived functional connectivity matri-
ces were thresholded into various densities ranging from 10%
to 50% in 10% increments, yielding weighted functional con-
nectivity networks at each density setting. The density range
was determined by what was commonly used in the existing
literature, where the network science analysis was performed
(Cao et al. 2019). The absolute thresholding approach was
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and weighted edges were computed between each pair of nodes using
Pearson’s correlation. The derived functional connectivity matri-
ces were then thresholded, and network properties were calculated.
Finally, statistical analysis was conducted to ascertain the changes in
the functional network topology, assessing the impacts of age, weight,
gender, and radiology score

also employed to conduct additional evaluations. Since the
anti-correlations were still biologically unclear (Garrison
et al. 2015), the positive connections were retained, and all
negative values were set to zero. Ultimately, six weighted
connectivity matrices were obtained for each participant.

Functional network analysis

The network properties were calculated using the Br ai n
Connectivity Tool box for Python, version
0. 5. 2 (Rubinov and Sporns 2010). The functional connectiv-
ity matrices obtained for each participant were processed by the
toolbox to quantify the topological properties of the functional
connectomes, including global efficiency, local efficiency, node
degree, normalized rich-club coefficient, modularity, clustering
coefficient, small-worldness, and characteristic path length. To
calculate the normalized rich-club coefficient, normalized clus-
tering coefficient, and normalized characteristic path length,
the M = 1000 random networks were used, while maintaining
the network’s degree and strength distributions. The network
properties are given as follows:

Node degree is defined as one of the most important proper-
ties of a brain network and is represented as k. It is the number
of edges attaching to a node in the network showing the local
complexity of the network at the node (Bullmore and Sporns
2009).

According to Watts and Strogatz (1998), the node cluster-
ing coefficient is the one quantifying the tendency of pairs
of nodes to be interconnected with each other if they are
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connected to another node. The clustering coefficient C of
a network G is defined as the average of the clustering coef-
ficient over all nodes. It is calculated as follows,

1w I
€= Z‘ ki(k, — 1) M
where, I'; is edges between the neighbors and N is the node
numbers.

A path shows a route of edges connecting one node with
the other nodes. Its length is the sum of the edges’ numbers
or weights. Here, the shortest path in a network between the
two nodes is a path with minimum sum of the edge weights.
As Bullmore and Sporns (2009) argues the characteris-
tic path length L, shows the average shortest path length
between all the feasible pairs of nodes and is defined as,

L= ; l..

NN —1) 151‘,;‘;1\/,1'# ! @
where, N is the number of nodes and /;; is the shortest path
length between nodes i and j.

As Latora and Marchiori (2001) argue, the ability of par-
allel information exchanges through the network is measured
by global efficiency. It is the average of the inverse of the
shortest path length between all pairs of nodes and is given
as,

o 1
E(G)_N(N_l) 2 1 3)

1<iji<N,ii Ly

where, N is the network’s G number of nodes and lij is the
shortest path length between the node i and the node j.

Local efficiency shows the capacity of the network’s fault
tolerance. It also displays the capacity to transfer informa-
tion within the neighbors of a particular node (Latora and
Marchiori 2001). Local efficiency is the global efficiency
average of each node’s neighborhood subgraph:

N
E(G) = v 3 EG) 4
i=1

where, G, denotes the subgraph comprising all nodes of the
immediate neighbors of node i.

Modularity refers to the degree of the network splitting
up into a subpart with a higher connection with each other
compared with the network’s other parts (Newman 2006).

Small-world networks have numerous short-range con-
nections with a few long-range ones. To investigate the
small-worldness properties of a network, the normalized
clustering coefficient and normalized characteristic path
length are calculated (Watts and Strogatz 1998). The clus-
tering coefficient and the characteristic path length of a net-
work are C and L respectively, while the mean clustering

coefficient and the mean characteristic path length of the
M matched random networks are C,,,4 and L. To check
if a network is a small-world network, the following crite-
ria are used: y = C/C,q > 1, and A = L/L, 4 = 1; Thus,
c=y/A>1

When the hub nodes like to be more interconnected with
one another than by a random chance, we have rich-club
organization (Van Den Heuvel and Sporns 2011), and the

weighted rich-club coefficient is given as,

an ran

w.,
d"(r) = W 5)
where, W, . is the total of weights on the edges in the sub-
graph of nodes with rank greater than r, E,, is the num-
ber of edges in this subgraph, and w™ is a vector of all
edge weights, ranked from the largest to the smallest
weight (Opsahl et al. 2008). The rich-club coefficient
should be compared to an ensemble of randomized surro-
gate graphs to calculate a normalized rich-club coefficient,
oW () =" (/Y (). where, ¥ (r) is the average

rich-club coefficient over M random networks (Alstott et al.
2014).

Statistical analysis

To ascertain the changes in the functional connectomes
during the developmental period, a general linear model
(GLM) was used to analyze the impacts of age, weight,
gender, and radiology score (radScore) and their interac-
tions with the network metrics. Multiple linear regressions
were performed, including age and age? as predictors, as
well as weight, gender, and radScore as the other covari-
ates. In order to account for potential nonlinear patterns, the
independent variable age? was included to assess quadratic
developmental trajectories. So the following GLM models
were considered:

Y, = py+ p, age + p, weight + f; gender + p, radScore

(6)
Y, = By + B, age + f, age® + fi, weight + f, gender + f5 radScore

(N
To investigate the differences related to radiology scores
and their developments, other GLM model with age, agez,
weight, radScore and radScore-by-age interactions was used.
It examined both positive (typical > atypical) and negative
(atypical > typical) contrasts, and the positive and negative
age-by-radScore interactions.

Y;=fy+ B age + f, age’ + B, weight

+ p, radScore + f5 radScore age ®)
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To analyze the differences related to threshold, a multiple
linear regression Y3 on multiple thresholds for each network
property was applied to model the effects of age, weight,
gender, and their interactions. The statistical analyses
were all carried out using Python and the st at snodel s
package, version 0.13. 2 (Seabold and Perktold
2010).

Results

During development, the functional network topology of
the neonatal brains showed a significant correlation with
age (p < 0.05). The developmental trajectories of impor-
tant network properties from 31 to 45 weeks of age are pre-
sented in Figures 2, 3, 4, 5, 6. Positive age-related changes
were observed in global efficiency (Fig. 2), local efficiency
(Fig. 3), clustering coefficient (Fig. 5b), and small-worldness
(Fig. 5c). Conversely, negative age-related changes were
noted in modularity (Fig. 6) and characteristic path length
(Fig. 5a), while the normalized rich-club coefficient (Fig. 4)
displayed a positive quadratic trend.

Statistically significant radScore differences (p < 0.05)
were found in the global efficiency (Fig. 2), local efficiency
(Fig. 3), normalized rich-club coefficient (Fig. 4), and clus-
tering coefficient (Fig. 5b) between typical and atypical
subjects. Specifically, the typical group exhibited signifi-
cantly higher values than the atypical group. Furthermore,

Fig.2 Global efficiency values as a function of age and radScore dif-
ferences across various thresholds. The plots illustrate the regression
line for global efficiency values from 31 to 45 postmenstrual weeks of

@ Springer

there were significant radScore differences (p < 0.05) in the
characteristic path length (Fig. 5a), with the atypical sub-
jects having a higher value compared to the typical subjects.
However, there were no significant radScore differences in
the network modularity between the two groups.

Significant weight differences (p < 0.05) were observed
in the global efficiency (Fig. 2), local efficiency (Fig. 3),
normalized rich-club coefficient (Fig. 4), characteristic path
length (Fig. 5a) and clustering coefficient (Fig. 5b). How-
ever, no significant gender differences were found in any of
the network metrics at various thresholds. considering all
values across multiple thresholds, males exhibited higher
values of modularity (Fig. 7d) and the normalized rich-club
coefficient (Fig. 7c¢) compared to females (p < 0.05).

To identify the regions with the highest connections
within a functional brain network, the degree metric was
used to detect hub nodes across all participants. The net-
work hubs were identified as nodes with high degrees
(k> Mean + 1.5 SD). Our findings indicate that the pre-
dominant network hubs are situated in PreCG-L, MFG,
SFGmed, ACG-R, MCG, PCUN-R, and MTG (see Table 2).

Furthermore, the rich-club organization was observed
in the brain’s topology because the hub nodes were more
densely interconnected compared to other brain regions.
The normalized rich-club coefficient showed a decreasing
trend followed by an increasing trend during the neonatal
period (p < 0.05) with considerable variability between 31
and 45 weeks across all different thresholds (refer to Fig. 4).

age. The adj.R? values were calculated using age and age® as predic-
tors, and weight and radScore as other covariates
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Fig.3 Local efficiency values as a function of age as well as radScore
differences across different thresholds. The plots show the regression
line for local efficiency values from 31 to 45 postmenstrual weeks of

Table 2 Hub regions and their accordance indexes in UNC-CEDARS
(Shi et al. 2018) atlas. The network hubs were identified as nodes
with high degrees (k > Mean + 1.5 SD; Mean = 66.64, SD = 23.24).
See supplementary Table S1 for full results

Index Region Abbreviation Degree(k)

2 Precentral gyrus left PreCG-L 103
33 Middle frontal gyrus left MFG-L 104
36 Middle frontal gyrus right MFG-R 107

SFGmed-L. 104
SFGmed-R 102

62 Superior frontal gyrus (medial) left
67 Superior frontal gyrus (medial)

right
90 Anterior cingulate gyrus right ACG-R 106
92 Middle cingulate gyrus left MCG-L 103
95 Middle cingulate gyrus right MCG-R 102
167  Precuneus right PCUN-R 103
203  Middle temporal gyrus left MTG-L 102
205  Middle temporal gyrus right MTG-R 102

Moreover, significant differences in radScore (p < 0.05)
were noted across the age range for the normalized rich-
club coefficient of the functional connectomes.

Age(weeks)

Age(weeks)

age. The adj.R? values were determined using age and age? as predic-
tors, and weight and radScore as other covariates

Discussion

The current study investigated the topology of functional
connectomes derived from rs-fMRI data during early
development and explored the impact of age, weight, gen-
der, and typical/atypical development on both global and
local network metrics. To the modest knowledge of the
researchers, this is the first study to apply network science
to examine the development of functional connectomes
using functional atlas parcellation during the neonatal
period. Moreover, various thresholding approaches were
employed to confirm the findings. Our results demon-
strated that: (i) the brain network from 31 to 45 postmen-
strual weeks displayed increases in global efficiency, local
efficiency, small-worldness, and clustering coefficient and
decreases in modularity and characteristic path length.
The normalized rich-club coefficient showed a positive
quadratic change related to the degree of premature birth
(Figures 2-7); (ii) typical subjects showed higher values
for global efficiency (Fig. 2), local efficiency (Fig. 3), nor-
malized rich-club coefficient (Fig. 4), clustering coefficient
(Fig. 5b), and lower values for characteristic path length
(Fig. 5a) compared to atypical subjects; (iii) the network
hubs were mainly situated in PreCG-L, MFG, SFGmed,

@ Springer



Brain Structure and Function

1.150

1.100- @ge(p=0.001), age?(p =0.001) 1.125. age(p=0.008), age?(p=0.016) age(p =0.002), age?(p = 0.002)
9 adj.R?=0.277 - 3 adj.R?2=0.313 = 1125 adj.R?=0.353
S “ B o S = S .
= 1.075- oo & 1.100- 1)
o = + 1.100-
21,050 1075 g
g 5 1.050 £ Lo
g Loz 8 S 1.050
Q Qo Qo
> i 5:1.025 S
3 1.000 S T 1.025
e = ] Ko
£ 0.975- g 1o0o £ 1.000-
; : 7 ~
13 : SR £ 0.975 L T £ ‘ 4
S 0.950- ¢ Typical  ragScore(p < 0.001) S o Typical 80.975- ¢ Typical i A
4 Atypical yejght(p = 0.018) 0.950- 4 Atypical radScore(p<0.001) A Atypical radScore(p <0.001)
0925° 3, 34 36 38 40 42 4a 32 34 36 38 40 42 44 0950 5> 34 36 38 40 42 aa
Age(weeks) Age(weeks) Age(weeks)

age(p = 0.007), age?(p = 0.009)
81 £

115 adj.R2=03 - adj.R?=0.293
L ]

=
-
S}

=
o
G

L2y
=}
S}

o
©o
v

Norm. rich-club coefficient (40%)
Norm. rich-club coefficient (50%)

Typical
Atypical

Typical
Atypical

©

A radScore(p < 0.001) A

36 38 40 44 32 34
Age(weeks)

32 34 42

Fig.4 Normalized rich-club coefficient values as a function of age
as well as radScore differences across various thresholds. The plots
illustrate the regression line for normalized rich-club coefficient val-
ues from 31 to 45 postmenstrual weeks of age. The adj.R? values for
normalized rich-club coefficient across different thresholds, with the

age(p = 0.045), age?(p=0.044)

radScore(p < 0.001)
36

age(p = 0.025), age?(p =0.036)
adj.R?=0.129

1.125
1.100
1.075
1.050

1.025

1.000

Typical
A Atypical radScore(p <0.001)

0.975+

Norm. rich-club coefficient (absolute)

38 40 42 44 0:2507
Age(weeks)

32 34 36 38 40 42 44

Age(weeks)
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Fig.5 Age-related changes in the topological characteristics of the
functional connectomes. The plots depict the regression line for a
Characteristic path length, b Clustering coefficient, and ¢ Small-
worldness values observed between 31 and 45 postmenstrual weeks
of age. The adj.R* values for characteristic path length and cluster-

ACG-R, MCG, PCUN-R, and MTG during the develop-
mental period (Table 2); (iv) the network characteris-
tics correlated with age, weight, and radiology score but
not with gender factor. Although values across multiple
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(b) Clustering coefficient

(¢) Small-worldness

ing coefficient were determined using age and age’ as predictors,
and weight and radScore as other covariates. The adj.R? value for the
small-worldness was calculated using age as the predictor and thresh-
old as the other covariate

thresholds were considered, the findings indicated signifi-
cant gender differences in modularity (Fig. 7d) and nor-
malized rich-club coefficient (Fig. 7c). Overall, significant
topological changes were detected in human functional
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Fig.6 Modularity values as a function of age across different thresh-
olds. As there were no significant differences in radScore for mod-
ularity, the plots display a single regression line for all subjects,
including both typical and atypical individuals. The adj.R? values for

connectomes from 31 to 45 postmenstrual weeks, which
could be influenced by neonatal age, weight, and radiol-
ogy score.

The properties of brain networks are categorized accord-
ing to how they relate to the processes of segregation and
integration (Rubinov and Sporns 2010; Stam 2010; Bull-
more and Bassett 2011). Topological segregation is the
neuronal processing that occurs between spatially neigh-
boring nodes via local connections that are relatively short
in length, ensuring functional specialization. The local
efficiency and average clustering coefficient of a network’s
nodes are the two quantitative measures for the networks’
segregation capacity. The integration process, on the other
hand, indicates the effectiveness of global information
communication or the network’s capability to integrate
distributed information, and it is calculated by a network’s
global efficiency or characteristic path length (Rubinov and
Sporns 2010; Stam 2010; Bullmore and Bassett 2011). In
the present study, global efficiency significantly increased,
while modularity and characteristic path length decreased
in functional connectomes with age, indicating a progres-
sively improved global information transfer effectiveness.
Therefore, these findings show that the network integration
process improves gradually with age. Furthermore, with an
increase in the local efficiency and clustering coefficient
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modularity across various thresholds, except for the absolute thresh-
olding network, were determined using age as a predictor. For the
absolute thresholding network, the adj.R? value was calculated using
age and age? as predictors

during the developmental period, the connections became
more locally clustered. This led to a growth in the network’s
local information transfer capability, fault tolerance capac-
ity, and a high degree of network segregation (Rubinov
and Sporns 2010; Stam 2010; Bullmore and Bassett 2011;
Sporns 2013). Functional segregation enables distinct func-
tional components or modules to engage in specialized
processing, thereby enhancing the overall efficiency of the
brain network (Sporns and Betzel 2016; Kline et al. 2021).
Remarkably, the brain’s segregation development displayed
a sound concordance with developments in behaviors and
cognitive abilities (Werner 1957; Johnson 2000; Sameroff
2010). As Werner’s “orthogenetic principle” proposes, the
behavior’s increased differentiation and hierarchical organi-
zation happen in the processes of child development (Werner
1957; Sameroff 2010). The interactive specialization frame-
work (Johnson 2000) auspicated that during maturation,
the networks and the regions within them would become
segregated and functionally specialized, leading to distinct
behaviors and cognitive capacities.

The findings of several studies align with our results,
demonstrating an increase in both global and local effi-
ciency (Gao et al. 2011; Berchicci et al. 2015), as well
as a decrease in modularity (Thomason et al. 2014) with
age. In one-year-old infants, global and local efficiencies
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Fig.7 Age-related changes in the topological characteristics of the
functional connectomes across various thresholds. The plots illustrate
the regression line for a Global efficiency, b Local efficiency, ¢ Nor-
malized rich-club coefficient, and d Modularity values between 31
and 45 postmenstrual weeks of age across all thresholds. The network
properties show different values at different thresholds. Considering
values across multiple thresholds, the findings indicated significant
gender differences in normalized rich-club coefficient and modular-

of functional connectomes increased compared to neonates
but remained stable in the second year after birth (Gao et al.
2011). Long-distance links were primarily responsible for
the increased global efficiency. Research on fetal fMRI
discovered that the network integration process improves
with age, demonstrated by a decrease in modularity and an
increase in the strength of inter-module connections (Thom-
ason et al. 2014). In one MEG investigation, the global and
local efficiencies of the sensorimotor network both signifi-
cantly increased after the first year of life (Berchicci et al.
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ity. The adj.R? values for global efficiency and local efficiency were
determined using age and age® as predictors, and weight, radScore,
and threshold as other covariates. Similarly, the adj.R? value for the
normalized rich-club coefficient was obtained using age and age’
as predictors, and weight, gender, radScore, and threshold as other
covariates. Lastly, the adj.R?> value for modularity was calculated
using age and age® as predictors, and weight, gender, and threshold
as other covariates

2015). During the first few postnatal years, these changes
indicate an improvement in the network integration and
segregation processes. However, some studies yielded con-
tradictory results. According to the EEG study (Toth et al.
2017), infants showed a shift toward a less centralized and
more hierarchical network topology at the alpha- and theta-
bands suggesting an improvement in network segregation.
Additionally, an age-related increase in diameter, akin to
the characteristic path length, was observed in the infants’
brains, indicating a reduction in network integration (Toth
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et al. 2017). Therefore, these findings are partly in line with
those of the current study. Some differences in methodol-
ogy, such as how thresholding approaches are selected or
network nodes are defined, or the use of various functional
brain imaging techniques may justify these discrepancies.

The other main finding of the current study was an
increase in the functional specificity of neonatal brains from
a network science standpoint. Similar to the study by Cao
et al. (2017), a notable small-world topology was identified
throughout the studied age range. Additionally, a positive
age impact on small-worldness was detected indicating the
appearance of functional segregation and integration pat-
terns. In a complex network, the existence of an optimal bal-
ance between the integration and segregation of the small-
world topology is necessary for having a fast information
transfer and a high synchronizability (Watts and Strogatz
1998; Latora and Marchiori 2001). Indeed, neonatal func-
tional networks can display an optimal balance between
regional segregation and global integration of information
transmission (Rubinov and Sporns 2010). Based on some
recent studies, the small-world property is founded in the
structural brain networks during the early stages of develop-
ment (Tymofiyeva et al. 2013; Brown et al. 2014; Van Den
Heuvel et al. 2015; Batalle et al. 2017). It exercises a nega-
tive age impact in the functional brain networks throughout
childhood (Gozdas et al. 2019), while it remains unchanged
in children as well as young adults (Wu et al. 2013). There-
fore, the present study findings provide additional support
for the previous findings revealing that the functional con-
nectomes show prominent small-world structure during the
neonatal period.

The presence of the hubs generally supports small-world
networks. These high-central or high-degree nodes tend to
interconnect densely and establish a rich-club architecture,
forming the backbone for effective communication through-
out the brain network (Van Den Heuvel and Sporns 2011).
Studies on the functional hubs reveal that the hubs in prena-
tal and neonatal brain networks mainly exist in the primary
sensorimotor, motor, auditory, and visual areas (Fransson
et al. 2011; Gao et al. 2011; Asis-Cruz et al. 2015; van den
Heuvel et al. 2018; Rajasilta et al. 2020). These results are
in line with the present study findings shown in Table 2.
The existence of hubs in the neonatal period shows that the
functional connectomes are non-random in various areas and
play diverse roles in the process of information communica-
tion. In line with Cao et al. (2017) study, we found that the
rich-club architecture emerged at 31 PMW and developed
in size with age. The normalized rich-club coefficient was
detected with a U-shaped developmental trajectory. It shows
that the normalized rich-club coefficient decreased until
around 40 PMW and increased at an older age. It indicates
that the functional hub distribution evolution keeps on across
the dynamic local reconfigurations after birth. The hubs and

rich-club organizations play major roles in the global trans-
mission of information, albeit at the cost of comparatively
high wiring and running expenses as well as attack resil-
ience (Bullmore and Sporns 2012; Van Den Heuvel et al.
2012; Tomasi et al. 2013). It is worth noting that the impacts
of prematurity on the later hub and rich-club distribution
changes were not investigated in the present study, because
the longitudinal rs-fMRI data of preterm-born and term-born
infants were not available.

Limitations

The present study has some limitations. First, cross-sectional
analyses are known to suffer from the potential confound-
ing of between-subjects variability with aging effects. This
means that the association between age, cognitive function,
and network metrics cannot be fully investigated using this
approach due to cross-sectional mediation (Lindenberger
and Potter 1998; Hofer and Sliwinski 2001; Raz and Lin-
denberger 2011). To address this issue, longitudinal studies
should be carried out to investigate age-related changes and
examine the correlation between brain metrics and cognitive
performance.

The second limitation of this study is related to the rela-
tively small sample size of atypical infants compared to the
typical group, which could undermine the reliability of the
findings for the former group. Future research endeavors
should aim to generate more accurate estimates of cross-
sectional trajectories by leveraging larger data samples to
address this issue. Specifically, longitudinal investigations
employing expansive sample sizes would be instrumental
in providing a more comprehensive depiction of the early
developmental path of the functional brain connectome.

Lastly, it is worth noting that the imaging system used
for the dHCP study was designed specifically for neonatal
imaging. While the custom head coil provides exceptional
SNR on the cortical surface, this creates a bias toward
sources that are located closer to the surface (Hughes et al.
2017). This bias is further amplified by the use of highly
accelerated multiband EPI (Fitzgibbon et al. 2020). Fur-
thermore, despite the use of advanced distortion correction
techniques in the dHCP pipeline (Fitzgibbon et al. 2020),
some signal loss may occur due to bone/tissue and air/
tissue interfaces. Moreover, motion can affect the qual-
ity of the fMRI signal (Power et al. 2012; Satterthwaite
et al. 2012), and the observation that term-born neonates
exhibited greater motion compared to preterm-born neo-
nates raises the possibility that motion artifacts may have
influenced the findings. Nonetheless, the dHCP pipeline
includes several measures to counteract the impact of
motion and physiological confounds, thereby reducing
data loss. Furthermore, we eliminated infants displaying
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excessive motion during the analyses. However, we cannot
fully consider any inherent distinctions in BOLD signal
between term-born and preterm-born babies that could
be attributed to cerebrovascular factors (Bouyssi-Kobar
et al. 2018). Additional approaches, such as EEG, could
potentially aid in addressing this issue (Arichi et al. 2017).

Conclusion

The functional brain network topology in early develop-
ment and the effects of age, weight, gender, and typical
and atypical development on the brain network organiza-
tion were examined in the present study. Significant age,
weight, and radiology score-related changes were found
in the developmental trajectories, showing various rates
of maturation in the typical and atypical subjects. They
show an increase in network segregation and integra-
tion processes in the neonatal period. The dynamics of
the functional brain network regionally and globally were
presented in this study providing a new insight into under-
standing the brain maturation of the functional connec-
tome. It would help detect the anomalies associated with
neurodevelopmental disorders. In this study, the functional
brain changes were studied without carrying out structural
analysis. The latter could provide a wider perspective on
how the brain changes with age by noting the structural
discrepancies and their relationships with the functional
findings. Studies including this association might improve
our understanding of the physiological mechanisms behind
age-related alterations. More research is required to deter-
mine the role of the structural connectome in functional
connectivity formation and regulation.
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