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ARTICLE INFO ABSTRACT

Keywords: Human brain undergoes rapid growth during the first few years of life. While previous research has employed
Longitudinal graph theory to study early brain development, it has mostly focused on the topological attributes of the whole
Development

brain. However, examining regional graph-theory features may provide unique insights into the development of
cognitive abilities. Utilizing a large and longitudinal rsfMRI dataset from the UNC/UMN Baby Connectome
Project, we investigated the developmental trajectories of regional efficiency and evaluated the relationships
between these changes and cognitive abilities using Mullen Scales of Early Learning during the first twenty-eight
months of life. Our results revealed a complex and spatiotemporally heterogeneous development pattern of
regional global and local efficiency during this age period. Furthermore, we found that the trajectories of the
regional global efficiency at the left temporal occipital fusiform and bilateral occipital fusiform gyri were
positively associated with cognitive abilities, including visual reception, expressive language, receptive language,
and early learning composite scores (P < 0.05, FDR corrected). However, these associations were weakened with
age. These findings offered new insights into the regional developmental features of brain topologies and their
associations with cognition and provided evidence of ongoing optimization of brain networks at both whole-
brain and regional levels.
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1. Introduction

The first few years of life mark a period of exceptional structural and
functional development in the human brain, exerting profound and
long-lasting impacts on cognitive abilities later in life (Gilmore et al.,
2018). Magnetic resonance imaging (MRI) has been widely used to gain
insights into both the structural and functional development of the brain
during this critical period. Anatomical MR images have revealed

substantial increases in brain volume (Gao et al., 2017; Peterson et al.,
2021), expansion of regional surface area (Huang et al., 2022; Cafiero
etal., 2019), and developmental trajectories of cortical thickness (Wang
et al., 2019; Nie et al., 2014). Diffusion tensor imaging (DTI), a tech-
nique that provides insights into white matter microstructures, has
revealed the rapid process of myelination and the establishment of white
matter connectome (Bagonis et al., 2022; Cafiero et al., 2019; Tymo-
fiyeva et al., 2013; Yap et al., 2011). Resting-state functional MRI
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(rsfMRI) has been utilized to establish brain functional networks,
uncovering temporal progression of various cognitive domains (Gao
et al., 2017; Gilmore et al., 2018; Zhang et al., 2019). Together, these
complementary techniques have provided valuable insight into early
brain development.

While numerous studies have reported the developmental features of
brain functional networks from early infancy to young childhood
(Bruchhage et al., 2020; Emerson et al., 2016; Eyre et al., 2021; Gao
etal., 2015; Gao et al., 2009; Wen et al., 2020), graph-theory analyses of
brain networks offer additional insights into the evolution of brain
network topologies (Gao et al., 2011; Wen et al., 2019; Yin et al., 2019;
Zhao et al., 2019a). A “small-world” topology, characterized by an
efficient and interconnected network architecture with high clustering
coefficients and short path lengths (Humphries and Gurney, 2008), has
been found to already exist at birth (De Asis-Cruz et al., 2015; Fransson
et al., 2011). Whole-brain global efficiency (GE), a measure of the
brain’s ability to transfer information across the whole brain (Wang
et al., 2009), continues to increase during the first year (Berchicci et al.,
2015; Gao et al., 2011) and remains relatively stable during the second
year of life (Gao et al., 2011). In contrast, the reported results on local
efficiency (LE), which characterizes the efficiency of information
transfer within local neighborhoods (Wang et al., 2009), have been less
consistent (Fan et al., 2011; Gao et al., 2011; Huang et al., 2015; Nie
etal., 2014; Yap et al., 2011) and even contradictory in some cases using
structural MRI (Fan et al., 2011; Nie et al., 2014). The better develop-
mental consistency observed in GE when compared to LE can be
attributed to GE’s ability to capture the overall integration of informa-
tion in the brain network, making it less sensitive to local or individual
variance. In contrast, LE could be more susceptible to local variations
and specific characteristics of individual nodes or other factors, such as
differences of study cohort characteristics, varying imaging protocols
and analytical approaches, as well as the dynamic nature of individual
brain development. Furthermore, it is worth mentioning that previous
studies have mainly utilized a cross-sectional design (De Asis-Cruz et al.,
2015; Gao et al., 2011; Huang et al., 2015; Ratnarajah et al., 2013),
which may have limitations due to variations in brain connectivity and
developmental trajectories among individuals. Although a few longitu-
dinal studies have been employed to better capture developmental
features at the individual level, the sample sizes have been relatively
small (Huang et al., 2015; Nie et al., 2014; Yap et al., 2011). In addition,
previous studies have mainly reported results at the whole brain or
network levels using graph theory (De Asis-Cruz et al., 2015; Ratnarajah
et al., 2013; Yap et al., 2011; Zhao et al., 2019a). It is well understood
that distinct cognitive functions are governed by specific regions of the
brain. Thus, regional graph theory attributes may be more sensitive to
capturing specific behavioral and cognitive abilities when compared to
global attributes.

In this study, we conducted a comprehensive analysis by leveraging a
large longitudinal rsfMRI data from the UNC/UMN Baby Connectome
Project (BCP) (Howell et al., 2019) to investigate fine-grained whole--
brain and regional efficiency developmental trajectories, and to test two
hypotheses: 1) developmental patterns of regional network attributes
are spatially heterogeneous and reflect unique functional roles of
different brain regions, and 2) developmental attributes of specific brain
regions are associated with early cognitive ability. To achieve these
goals, we investigated the characteristics of regional efficiency and re-
ported the developmental trajectories of regional global efficiency (rGE)
and local efficiency (rLE) from infancy to toddlerhood. Our findings
suggested that the developmental trajectories of regional efficiency at-
tributes may reflect specific functional roles. Specifically, we observed
that brain regions involved in sensorimotor functions, primary visual
regions, and high-order visual and subcortical regions exhibited linear,
logarithmic (log), and quadratic development trajectories, respectively.
Moreover, we found that the rGE developmental attributes at the fusi-
form cortex were associated with cognitive abilities, highlighting the
potential relations between regional network attributes and cognition.
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2. Materials and methods
2.1. Data acquisition

All subjects included in this study were enrolled in the UNC/UMN
Baby Connectome Project, and all images were collected using 3 T
Siemens Prisma MRI scanners. The inclusion criteria were as follows: 1)
young children born at a gestational age of 37 — 42 weeks, 2) with a birth
weight appropriate for gestational age, 3) without major pregnancy and
delivery complications. Major delivery complications may include
neonatal hypoxia or neonatal illness requiring a NICU stay of more than
two days. 4) not adopted, 5) without a first degree relative with autism,
intellectual disability, schizophrenia, or bipolar disorder, 6) without any
significant medical and/or genetic conditions affecting growth, devel-
opment, or cognition, 7) without any contraindication to MRI, or major
pre- and/or perinatal issues such as maternal pre-eclampsia, placental
abruption, maternal HIV status, or maternal alcohol or illicit drug use
during pregnancy, and 8) their caregivers are able to communicate in
English at a level to provide informed consent (Howell et al., 2019).

All subjects were imaged without sedation and during natural sleep.
A single-shot echo-planar imaging (EPI) sequence was used to acquire
rsfMRI with the following parameters: repetition time (TR) = 800 ms,
echo time (TE) = 37 ms, flip angle (FA) = 52°, slice number/orientation
= 72/axial oblique, field of view (FOV) = 208 x 208 mm?, multi-band
factor = 8, matrix size = 104 x 104, and resolution= 2 x 2 x 2 mm?. T1-
weighted (MPRAGE) images were acquired to provide structural infor-
mation with the following parameters: TR/TI = 2400/1060 ms, TE =
2.24 ms, FA = 8°, slice number/orientation = 208/sagittal, FOV = 256
x 240 mm?, matrix size = 320 x 300, and resolution= 0.8 x 0.8 x 0.8
mm?®. The FIRMM (framewise integrated real-time MRI monitoring)
software was used to monitor subject’s motion during rsfMRI acquisition
(Dosenbach et al., 2017); images with visible movement were excluded
and rsfMRI scans were repeated. For each visit, two to four rsfMRI runs
were conducted, which included both anterior-to-posterior (AP) and
posterior-to-anterior (PA) phase encoding and repeated AP/PA runs.

The Mullen Scales of Early Learning (MSEL) was used to assess
cognitive ability of each subject within a month of their MRI visit. The
MSEL is a comprehensive assessment of cognitive ability for infants and
young children up to 68 months of age (Mullen, 1995; Yitzhak et al.,
2016). The assessment comprises five subdomain cognitive scales: visual
reception (VR), fine motor (FM), expressive language (EL), receptive
language (RL), and gross motor (Mullen, 1995). The early learning
composite (ELC) score is a composite of the first four subdomain scores
(Mullen, 1995). The age-normalized T scores from each subscale of the
MSEL were used in this study (Mullen, 1995). For subjects who under-
went multiple MSEL assessments at different ages, the T-score of each
cognitive score at the last visit was employed for subsequent analyses
(Mullen, 1995).

2.2. Data preprocessing

The rsfMRI data were pre-processed using a specific pipeline
designed for young children (Jiang et al., 2019; Wang et al., 2015; Wang
etal., 2023; Wu et al., 2012). This pipeline shares several similar steps as
those of the Human Connectome Project (HCP) pipeline (https://github.
com/Washington-University/Pipelines), but it also includes several
unique steps tailored to young children’s rsfMRI data. Specifically, the
following strategies were employed. First, one-time resampling and
denoising were conducted in each subject’s native space and the topo-
logical attribute maps were calculated in the individual native space and
aligned with the corresponding anatomical images. The Montreal
Neurological Institute (MNI) template was warped to each subject’s
native space to minimize difficulties in selecting the smoothing kernel
and reduce partial volume effects when infant and toddler data were
registered to the standard MNI space. Second, brain tissue segmentation
was performed using iBEAT V2.0 (http://www.ibeat.cloud) to generate
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brain tissue labeling maps. Each voxel was labeled as gray matter, white
matter, or cerebrospinal fluid (Wang et al., 2023). The tissue labeling
maps were then used to register to the tissue labeling template in the
MNI space (ICBM_152_t1_tal nlin_sym09c). This registration method has
proven successful in infant and toddler brain volumetric registration by
addressing the challenges associated with age-dependent signal in-
tensity and low tissue contrast in anatomical images (Wang et al., 2015;
Wu et al., 2012). Lastly, automatic deep learning-based noise-related
component removal was adopted for fast and robust rsfMRI denoising
(Kam et al., 2019). More detailed descriptions of the employed
pre-processing steps were provided in the Supplement Materials.

2.3. Brain network construction

A total of 112 brain regions, both cortical and subcortical, from the
Harvard-Oxford atlas were chosen as nodes to construct brain functional
networks (Desikan et al., 2006). The BOLD signal of each region was
obtained by averaging the signals of all voxels in a given region. The
resulting time series of regional averages were used to create a 112 x
112 pairwise FC matrix based on Pearson’s correlation (Jiang et al.,
2022; Tang et al., 2013; Zhou et al., 2020). These metrics were stan-
dardized using Fisher’s z-scores and binarized at varying levels of
sparsity for positive functional connections. Specifically, an FC
threshold was chosen for each sparsity such that if the FC between two
regions exceeded the threshold, it was set to 1; otherwise, it was set to 0,
indicating the absence of a functional connection between them. The
corresponding abbreviations of the 112 brain regions can be found in
Table S1.

Small-world networks are characterized by high clustering co-
efficients (functional segregation) and short characteristic path lengths
(functional integration) (Bassett and Bullmore, 2017; Watts and Stro-
gatz, 1998). To ensure that all analyses were conducted under
small-world conditions, the small-world metric was calculated for all
subjects at various network sparsity levels ranging from 1% to 80% with
a step of 1%. More information on the calculation of the small-world
index is provided in the Supplement Materials.

2.4. Regional network efficiency

In this study, we analyzed GE and LE at both the whole-brain and
regional levels. The whole-brain GE reflects the overall flow of infor-
mation across the entire network, while LE assesses the degree of
network segregation (Wang et al., 2009). At the regional level, the
regional GE (rGE) evaluates a region’s ability to transfer information
with all other regions in the network, while the regional LE (rLE) mea-
sures the efficiency of information exchange among a region’s imme-
diate neighbors without considering its own connectivity (Latora and
Marchiori, 2001; Wang et al., 2009). Here, “neighbors” refers to the
nodes that are directly connected to the examined node. The whole brain
GE and LE values were calculated as the average of the rGE (rLE) values
of all regions in the brain, respectively. Specifically, the rGE of a given
node (region) i is defined as:

1 1
E(i)=——o —, @
@) n— 1]@24;‘1(“1)
where n  denotes the number of total nodes in a network G and d(i, )

denotes the shortest path length between nodes i and j.
The rLE of a given node i is defined as the GE of a local subgraph,

E]DL‘(i) = E(G,). (2)

where G;
node itself.
To avoid biases when a specific sparsity threshold was used for
network binarization, the area under each metric’s curve (AUC) over the
sparsity range exhibiting small-world topologies was used for the

consists only of the node’s immediate neighbors but not the
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subsequent analyses (Eq. (3)). The calculated network attributes were
averaged from different resting-state runs during the same visit of the
same subject (Cao et al., 2019).

N
AUC_E = (Y Ei— (Ey +Ey)/2) x AUC_Interval 3

i=1

where E; represents each global/regional attribute of a binary network
at each sparsity value i = 1,2, ...,N] and AUC_Interval is the step of 1%.

2.5. Characterization of longitudinal developmental trajectories

The developmental trajectories of global and regional metrics were
analyzed quantitatively using the linear mixed effect regression (LMER)
models, with the chronological age in days as the variable. Three age
models were used to characterize different developmental trajectories,
including linear, logarithmic, and quadratic age models, as defined
below. We avoided using polynomials with high degrees to prevent
overfitting (Ziegler et al., 2012).

i = Bo + B (Age;) + (boi + bii (Age;) + €5 ), Q)

vi = Bo+ B (In(Agey)) + (boi + b (In(Age;)) + &) (5)
and

Vi = Po+ P (Agei/.) +5, (Age?j) + (bOi + b]i(Age,-,-) + € )» (6)

where the dependent variable y; denotes each global/regional efficiency
attribute for subjecti = [1,2,...,N] at the time pointj =[1, 2, ..., nl,
and the independent variable Age denotes the corresponding age (in
days). f, and g, (k = 1, 2) respectively denote the group-level intercept
and the k™ regression coefficient, while by; and by; denote the random
intercepts and slopes, respectively, that characterize the individual ef-
fects (individually specific developmental pattern that deviates from the
group-level pattern). Finally, ¢; denotes the random errors of the model
and In denotes logarithm.

The Akaike information criterion (AIC) was used to select the best
fitted model among the three models (King, 2016). Significance was set
at P < 0.05 after correction for multiple comparisons using false dis-
covery rate (FDR). The P value of , (k = 1, 2) was used to evaluate the
significance of developmental trajectories when compared to a hori-
zontal line.

2.6. Variations in regional efficiency across age groups

To further investigate the potential variations in regional efficiency
across different ages, we separated our data into age groups with an
interval of three months to prevent repeated visits from the same sub-
jects within a group. We employed paired t-tests to compare each re-
gion’s rGE/rLE with individual whole-brain average to identify brain
regions that were significantly different from the whole brain GE/LE at
the group level in each age group. Lastly, we used two-sample t-tests to
compare rGE/rLE between adjacent age groups. Their significance levels
were consistently set as P < 0.05 after FDR correction.

2.7. Associations between cognition and network efficiency

To investigate potential associations between cognition and network
efficiency, LMER models were employed, with each Mullen subdomain
score and the ELC as variables, respectively, while controlling for sex
and site (UNC or UMN). Both linear and log cognitive models were
applied to assess global and local efficiency at both whole-brain and
regional levels. Specifically, for regional analyses, we focused on brain
regions that demonstrated significant age effects based on the afore-
mentioned linear and nonlinear age models.
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yi = Bo+ P (Sexi) +/}2(Si) +ﬁ3(COgSC0rei) +5 (Ageg,‘) +Ps (Ageg,‘
. CogScore,.)

+ (bo,' + by; (AgeU) + & )7 )

Vi = Po+ P (Sex;) + B, (Si) + f5(CogScore;) + pa (ln(Ageij)) +Ps (ln(Ageij)
e CogScore;)

+ (bos + b (In(Age,)) + &), ®)

where S denotes sites. CogScore represents cognitive scores, including
the EL, FM, RL, VR, GM, and ELC. Here, we not only investigated the
unique influence of each MSEL sub-score on whole-brain and regional
attributes, but also explored the interactions between age and each
MSEL score (Hedeker and Gibbons, 2006). In each model, we regressed
the influence of sex, site, and age. We set the significance level as
P < 0.05 after FDR correction for both the number of brain regions and
the number of cognitive measures. The P values of 5 and f; were used to
evaluate the significance of cognitive influence on the intercept and the
interaction between each MSEL score and age or the significance of
cognitive influence on developmental rate, respectively. A quadratic
model was not considered as the interactive effect could be complicated
(including quadratic term x% and first-time term x) and difficult to
interpret biologically.

3. Results
3.1. Study cohort

In total, 269 subjects and 1562 rsfMRI runs were included in this
study. Seven runs with inadequate brain coverage or inconsistent im-
aging parameters, and 116 runs from 71 subjects with excessive head
motion (FD > 0.5 mm) (Power et al., 2012) were excluded. Further-
more, since there were only a few observations after 28 months old
(Fig. S1), our analyses focused on rsfMRI runs from children younger
than 28 months old. The final analysis comprised 1401 rsfMRI runs from
249 subjects with 531 unique visits, as some subjects participated in
multiple imaging sessions or were scanned using different phase
encoding orientations during the same visit. Fig. 1 illustrates the number
of unique visits per subject. Among these rsfMRI runs, the time of scans
were available in 1154 scans where 230 (19.93%) were imaged during
children’s typical daytime naptime, while 924 (80.07%) around their
typical bedtime in the night. Finally, of the 249 subjects included in the
rsfMRI analysis, 208 had complete Mullen scores. Thus, the association
analyses of cognition and network efficiency included 208 subjects with
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Fig. 1. Distribution of chronological ages for the 249 pediatric subjects
included in the study, whose images passed quality control. Each circle repre-
sents a successful visit and each line depicts all longitudinal data for an indi-
vidual subject.
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473 visits. Finally, out of the 166 runs that were excluded from data
analyses due to excessive head motion, only two subjects had their
rsfMRI runs completely excluded. We assessed the MSEL scores of these
two subjects and found that both of them fell within the normal range.

3.2. Developmental trajectory of whole-brain-based network efficiency

The network topology demonstrated small-world characteristics
with the sparsity ranging between 17% and 39% for all subjects, as
evidenced by a small-world index greater than 1 (Fig. S2) (Wang et al.,
2014; Yan and He, 2011). Therefore, the binary FC matrices within the
sparsity range of 17-39% with a step of 1% were used for the subsequent
analyses.

The efficiency of the whole-brain network demonstrated significant
development with age (P < 0.05, FDR corrected, Fig. 2 and Table 1).
Whole-brain global efficiency increased throughout the age range
studied (840 days of age) with a rapid increase during the first few
months of life, followed by a gradual and prolonged increase. Local ef-
ficiency, on the other hand, followed a quadratic, inverted U-shaped
pattern. No significant association was found between the whole-brain
network efficiency (GE/LE) and cognitive abilities (P > 0.05, FDR
corrected).

3.3. Developmental trajectory of region-based efficiency

Regional development trajectories of rGE (Fig. 3A, Table 2) and rLE
(Fig. 3B, Table 2) exhibited remarkable spatiotemporal heterogeneity,
consistent with our hypothesis. The primary sensorimotor, auditory re-
gions, and bilateral frontal lobe followed a monotonic linear/ log in-
crease of rGE (the first and second column of Fig. 3A) but a log decrease
of rLE (the second column of Fig. 3B). The primary (supracalcarine (ScC)
and intracalcarine cortex (IcC)) and adjacent higher-order (bilateral
lingual gyrus and occipital fusiform gyrus) visual areas showed signifi-
cantly increased log rGE developmental trajectories (the second column
of Fig. 3A), while the temporal/occipital visual areas showed inverted U-
shaped quadratic age effects (P < 0.05, FDR corrected) (the third col-
umn of Fig. 3A). In contrast, these same regions did not show significant
rLE development. The quadratic trajectories were also observed in the
limbic subcortical cortex for both rGE and rLE (the third column of
Fig. 3A and B). Interestingly, the posterior parietal extending to the
superior temporal associate areas showed a decreasing log rGE devel-
opmental pattern (the second column of Fig. 3A). The developmental
trajectories of the brain regions governing basic brain functions were
shown in Fig. S3 (Supplement Materials).

The brain regions with different developmental characteristics were
merged (fourth column, Fig. 3) and the percentages of brain regions in
each model were shown in Fig. 4. Nearly half of the brain regions (48%)
showed significant age effects for rGE and 29% for rLE. More brain re-
gions (21%) showed monotonically increasing than monotonically
decreasing rGE (8%) with age, while 19% of the brain regions showed a
quadratic pattern of rGE. In contrast, 16% of brain regions showed
decreasing rLE when compared to 1% of the regions with increasing rLE.
Additionally, 12% of the brain regions showed a quadratic pattern of
rLE.

To compare the developmental rates of rGE and rLE among different
brain regions, we ranked the group-level developmental rate
(p,in Eqs.4and5) of different regions calculated by the linear (Fig. 5A
(rGE) and 5 C (rLE)) and log models (Fig. S4). The error bars in Fig. 5B
and D indicate individual deviation (by;in Egs.4and5). Consistent with
the findings shown in Fig. 3, most of the brain regions exhibited a pos-
itive developmental rate for rGE but a negative rate for rLE. Addition-
ally, the primary functional areas (sensorimotor and associated visual
areas) and prefrontal areas exhibited a faster positive rate of rGE when
compared to other brain regions (Table S2), while these areas (except
the primary visual areas) showed a faster negative rate of rLE (Table S3).



W. Jiang et al. Developmental Cognitive Neuroscience 63 (2023) 101284

A B

0.14; Y=0.12+1.07x103xIn(d) ‘ Y=-7.32x109xd?+3.57x10-6xd+0.17
0.18} ’

3 -

C Q

(0] { C

S 2

0 . =

g - W 0.17 .

S -8

O . - — o
Gzl A A P=3.17x10% | o ‘ _ P=0.0136 |

0 200 400 600 800 0 200 400 600 800

Chronological Age (day)

Fig. 2. Developmental trajectories of the whole-brain global (A) and local (B) efficiency in the first 28 months of life. The developmental trajectories of the whole-
brain global efficiency (A) were modeled using a log function, while the local efficiency (B) was modeled using a quadratic function.

Table 1
Model Fitting information of whole-brain network efficiency using three models.
Global Efficiency Local Efficiency
Linear log Quadratic Linear log Quadratic
T Values 2.58 3.62 -2.42 -3.96 -2.91 -2.47
P Values 0.0102 3.17E-04 0.0158 8.56E-05 0.0038 0.0136
LCI 6.75E-07 4.90E-04 -2.02E-08 -4.17E-06 -0.0011 -1.31E-08
UcCI 4.99E-06 1.65E-03 -2.10E-09 -1.40E-06 -0.0002 -1.51E-09
AIC -4088 -4095 * -861 -4587 -4582 -4590 *

*indicates the smallest AIC among the three models. LCI denotes the lower CI bound and UCI denotes the upper CI bound. CI: confidence interval.
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Fig. 3. Significant development of regional global efficiency (A) and regional local efficiency (B). T-values (color bars in columns 1 — 3) of the model fitting are
provided after FDR correction (P < 0.05). The first, second, and third columns represent results fitted using linear, log, and quadratic models, respectively. Positive
and negative T-values indicate increasing and decreasing developmental rates with age for the first and second columns. With the quadratic model (the third col-
umn), positive and negative T-values reflect U-shaped and inverted U-shaped development with age. The fourth column illustrates the merged developmental
characteristics, showcasing different developmental patterns for each brain region based on the best fitted model. L: left hemisphere; R: right hemisphere.
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Table 2
Longitudinal development of regional global and local efficiency after model
selection and FDR correction (P < 0.05).* .

Regional Global Efficiency Regional Local Efficiency

Linear Increase

L  PoG, PrG, POC, COC, SFG, PcG ACCU

R PoG, HesG, FP

Linear Decrease

L PoG, PP

R PoG, COC

Logarithmic Increase

L FMC, IcC, LG, OFG, PUT, ACCU, FP,
ScC, HesG

R FMC, IcC, LG, OFG, PrG, PP, PT

Logarithmic Decrease

L SPL, SmGp, SmGa, STGp PrG, PcC, LOCGs, PT, COC, HesG, MFG,

OFG, FOrC

R SPL, SmGp PrG, PcC, LOCs, PT, FP, POC

Quadratic with Inverted U-shape

L  TOF, TFCp, PhGa, ITGp, PhGp, HIP, OcP, PUT
ITGt

R TOF, TFCp, PhGa, ITGp, PhGp, ITGa, OcP, PUT, PhGa, Bstem
PUT

Quadratic with U-shape
L OcP, CGa, IFGpo, IFGpt
R OcP, STGp, SmGa

SFG, POC
SFG, JpL, CGp, HesG, MFG

* The abbreviation of each region was provided in Table S1.

>

157 EENeg |
q) v-pOS
(@)
8
()]
(&)
S
(O]
o
L
O
| .

Linear Quadratic

Developmental Cognitive Neuroscience 63 (2023) 101284
3.4. Regional efficiency across age groups

Fig. 6 and Fig. 7 illustrate the brain regions that exhibited signifi-
cantly different rGE and rLE from the individual whole-brain averages,
respectively (P < 0.05, FDR corrected). The bilateral precuneus, intra-
parietal sulcus, temporoparietal junction, and prefrontal regions, dis-
played a stable and higher rGE than that of the whole brain for all ages.
In contrast, the rGE in the limbic regions was consistently lower than
that of the whole brain for all ages. Interestingly, the visual cortex dis-
played a unique pattern: the occipital lobe showed a stable and signifi-
cantly higher rLE than the whole brain starting from the third month of
age. A similar temporal pattern of rLE was also observed in the primary
motor and somatosensory regions.

The two-sample t-test between the two adjacent age groups revealed
a significant increase of rGE in the precuneus and fusiform (P < 0.05,
FDR corrected) during the first six months of life (Fig. 6, first row).
Meanwhile, a significant increase of rLE in the occipital regions and a
decrease of rLE (P < 0.05, FDR corrected) were observed in the frontal
lobe during the same period (Fig. 7, first row).

3.5. Associations between cognitive ability and regional efficiency

Both the linear and log cognitive models revealed the same brain
regions where the development of regional global efficiency was asso-
ciated with cognitive scores. The results are summarized in Table 3 using
the log model (Table S4 for the linear model). The left temporal occipital
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Fig. 4. The percentages of brain regions with significant age effects for each model of regional global efficiency (A) and regional local efficiency (B). Positive or
negative T-values indicate an increase or decrease in developmental rate with age for the linear and logarithmic models, and U-shape or inverted U-shapes for the

quadratic model, respectively. Neg: negative; Pos: positive.
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Fig. 5. The developmental rate maps of different regions (A and C) and their rankings (B and D) using a linear model for regional global efficiency (A and B) and
regional local efficiency (C and D). Positive and negative values indicate increasing and decreasing developmental rates with age. The color bars in A and C represent
the developmental rates, while the error bars in B and D denote the individual deviations.
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Fig. 6. The developmental comparison of regional global efficiency. The second and third rows display the brain regions significantly different from the individual
whole-brain averages in each age group (P < 0.05, FDR corrected). The color bar presents the T-value of the paired t-test. Positive/negative T-values indicate above/
below the individual whole-brain averages. The first row illustrates the significant brain regions in comparing two adjacent age groups (P < 0.05, FDR corrected).
Positive/negative T-values indicate the extent to which the older age group is above/below the adjacent younger age group.

fusiform (TOF) showed a significant positive association with the ELC
scores (P < 0.05, FDR corrected) and this association became weaker
with age (P < 0.05, FDR corrected). The bilateral occipital fusiform gyri
(OFG) were significantly and positively associated with ELC as well as
ELS (P < 0.05, FDR corrected). Additionally, the right OFG showed a
significant positive association with visual reception scores (VRS) while
the left OFG was associated with receptive language scores (RLS)
(P < 0.05, FDR corrected). Interestingly, all these associations were
weakened with age (P < 0.05, FDR corrected). In contrast, only the log
cognitive model revealed a negative association between the gross
motor scores and the central opercular cortex (COC) (P < 0.05, FDR
corrected) (Table 4). Again, this negative association became weaker
with age (P < 0.05, FDR corrected).

3.6. Result validation

The aforementioned analyses utilized the AUC-based approach. To
assess the reproducibility of our main results at different sparsity levels,
we repeated the developmental trajectory analyses at three network
sparsity levels: 17%, 28%, and 39%, representing the smallest, middle,
and largest sparsity within the range that exhibited a small-world
characteristic. Our results revealed similar developmental trajectories
as those obtained using the AUC-based approach (Fig. S5 — S8).

4. Discussion

In this study, we used graph theory-derived efficiency attributes to
investigate the development of brain functional networks during the

first 28 months of life. By analyzing regional developmental trajectories,
we confirmed our first hypothesis that the developmental trajectories of
brain efficiency are spatially heterogeneous, revealing both linear and
nonlinear age-related trajectories among different brain regions. Addi-
tionally, by examining the relationships between these regional devel-
opmental trajectories and cognitive abilities, we reported that the rGE
developmental trajectories of the left TOF and bilateral OFG were
associated with cognitive abilities. These findings could be essential for
future clinical studies. For instance, our findings can be used to examine
the efficiency development of specific brain regions, such as the left TOF
and bilateral OFG, facilitating a better understanding and identification
of potential neurodevelopmental abnormalities in infants and toddlers.

4.1. Developmental trajectories of whole-brain-based efficiency

Our result showed that the global efficiency of the whole brain
increased non-linearly with age, while the local efficiency followed an
inverted U-shaped trajectory. Increased global efficiency has been
implicated to be associated with improved functional integration (Le
et al., 2020), while local efficiency measures the degree of network
segregation (Latora and Marchiori, 2001; Wang et al., 2009). Our GE
results differed from those reported by Gao et al. (2011) who found
significantly higher global efficiency in 1-year-olds when compared to
infants at birth, while no differences were observed between 1 and 2
years old. The sparse sampling scheme employed by Gao et al. (2011)
may have contributed to the observed discrepancies between the two
studies.

The observed inverted U-shaped trajectory of local efficiency may
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Fig. 7. The developmental comparison of regional local efficiency. The second and third rows show the brain regions significantly different from the individual
whole-brain averages in each age group (P < 0.05, FDR corrected). The color bar presents the T-value of the paired t-test. Positive/negative T-values indicate above/
below the individual whole-brain averages. The first row illustrates the significant brain regions comparing two adjacent age groups (P < 0.05, FDR corrected).
Positive/negative T-values indicate the extent to which the older age group is above/below the adjacent younger age group.

Table 3
Significant association between cognitive scores and regional global efficiency development using a log cognitive model (P < 0.05, FDR corrected).
OFG_L vs ELS OFG_L vs RLS
B T P B T P
TOF_L vs ELC OFG_L vs ELC OFG_L vs ELS OFG_L vs RLS
B T P B T P B T P B T P
(Intercept) 0.0165 0.23 0.8173 0.0440 0.65 0.5130 0.0610 1.22 0.2224 0.1134 2.60 0.0096
Site 0.0034 1.39 0.1647 0.0013 0.61 0.5400 0.0008 0.39 0.6962 0.0015 0.70 0.4841
Gender 0.0042 1.90 0.0585 0.0000 -0.01 0.9957 -0.0001 -0 0.9754 0.0002 0.12 0.9018
CogScore 9.46E-04 2.90 0.0039 * 0.0009 2.88 0.0041 * 0.0032 3.57 3.96E-04 * 0.0023 2.89 0.0040 *
In(d) 0.0415 3.55 4.26E-04 * 0.0370 3.37 8.12E-04 * 0.0351 4.24 2.68E-05 * 0.0258 3.58 3.85E-04 *
In(d):CogScore -1.49E-04 -2.78 0.0057 * -0.0001 -2.83 0.0049 * -0.0005 -3.5 4.40E-04 * -0.0004 -2.78 0.0057 *
OFG_R vs ELC OFG_R vs VRS OFG_R vs ELS
8 T P B T P B T P
(Intercept) 0.0411 0.64 0.5198 0.0951 1.96 0.0502 0.0949 1.98 0.0487
Site -0.0004 -0.20 0.8416 -0.0005 -0.23 0.8155 -0.0010 -0.4 0.6653
Gender -0.0022 -1.16 0.2474 -0.0024 -1.23 0.2212 -0.0024 -1.2 0.2214
CogScore 0.0008 2.83 0.0048 * 0.0022 2.63 0.0087 * 0.0023 2.66 0.0080 *
In(d) 0.0366 3.46 6.02E-04 * 0.0283 3.52 4.79E-04 0.0289 3.59 3.71E-04 *
In(d):CogScore -0.0001 -2.72 0.0067 -0.0004 -2.56 0.0107 * -0.0004 -2.6 0.0086 *

*P < 0.05, FDR corrected. TOF: temporal occipital fusiform cortex; OFG: occipital fusiform gyrus; ELC: early learning compisite score; VRS: visual receptive score; RLS:
receptive language score; ELS: expressive language score; L: left hemisphere; R: right hemisphere.

suggest that local functional segregation initially improves during early
infancy, followed by a decrease in segregation with age during the first
28 months of life. Although many factors may explain this observed
inverted U-shaped trajectory, one plausible explanation is the growth
and elimination of superficial white matter U-fibers. Superficial white
matter U-fibers are short connections that connect anatomical proximity

regions, typically between neighboring gyri, surrounding the cortex
sulci (Guevara et al., 2020; van Blooijs et al., 2023). These U-fibers can
be clearly identified after the first three months of life (Hermoye et al.,
2006). The development of superficial U-fibers from infancy to early
childhood can be divided into three main stages (Hermoye et al., 2006):
significant changes occur quickly within the first year, followed by
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Table 4
Significant association between cognitive scores and regional local efficiency
development using a log cognitive model (P < 0.05, FDR corrected).

COC_R vs GMS

p T P
(Intercept) 0.2198 22.85 3.46E-76
Site -3.47E-04 -0.40 0.6877
Gender 0.0013 1.66 0.0969
CogScore -6.51E-04 -3.29 0.001103
In(day) -0.0071 -4.34 1.75E-05
In(day):CogScore 1.09E-04 3.27 0.0011

*: P < 0.05 with FDR corrected. COC: central opercular cortex; GMS: gross
motor score; R: right.

gradual alterations during the second year, and finally, relatively stable
after 24 months old. This rapid proliferation of U-fibers in the early
months of life could lead to increases of local connectivity which may
enhance local efficiency. As U-fibers continue to develop and mature,
they facilitate efficient communication and integration between nearby
brain regions, resulting in a peak in local efficiency. However, as
long-range connections begin to form and strengthen during early
childhood (Cao et al., 2017; Gao et al., 2011), these long-range con-
nections facilitate efficient communication between distant brain re-
gions. As a result, the reliance on U-fibers for communication decreases,
which in turn may lead to a decline in local efficiency. Therefore, the
observed inverted U-shaped trajectory of local efficiency during the first
28 months of life could potentially reflect the dynamic interplay be-
tween the development and maturation of both short-range U-fibers and
long-range connections in the brain.

Finally, we found that the whole-brain-based efficiency attributes
did not show significant associations with cognitive ability, likely due to
the observed spatiotemporally heterogeneous developmental trajec-
tories of network efficiency during infancy.

4.2. Spatiotemporally heterogeneous development of regional efficiency

In addition to evaluating the whole brain efficiency developmental
trajectories, one of the major focuses of our study was to characterize
regional developmental trajectories of GE and LE. To this end, several of
our key findings warrant additional discussion. First, the “sensorimotor
stage” proposed by Piaget (Cherry, 2019; Piaget, 1973, 2013) charac-
terizes rapid cognitive maturation from birth to approximately 2 years
old, including both basic and more complex cognitive processes. During
this stage, infants and toddlers coordinate sensory experiences (seeing,
hearing) with motor actions (reaching, touching) to gain knowledge of
their surroundings. Our results appear consistent with the maturation
processes outlined in the “sensorimotor stage.” Specifically, the primary
sensorimotor regions showed a monotonic linear/log increase in rGE
and a log decrease in rLE. More interestingly, bilateral frontal lobes
showed a similar developmental pattern to that of the primary senso-
rimotor regions. The prefrontal cortex (PFC), which is a part of the
neocortex, plays a crucial role in higher-order cognitive functions such
as decision-making, planning, and working memory (Otero and Barker,
2013). As children near the conclusion of the sensorimotor stage and
progress into the preoperational stage (2 — 7 years old, according to
Piaget’s theory), they demonstrate increasingly advanced cognitive ca-
pacities like engaging in symbolic play, engaging in pretend play, and
utilizing mental representation (Cherry, 2019; Piaget, 1973, 2013).
These abilities necessitate the engagement of brain regions within the
frontal lobes (Kelly et al., 2011). Therefore, the observed increases of
rGE and decreases of rLE in the sensorimotor areas and bilateral frontal
lobes may reflect both basic and high-order cognitive development
during the sensorimotor stage (Cherry, 2019; Piaget, 1973, 2013).

Second, the visual system rapidly matures at the onset of visual
experience and continues throughout the first year of life, followed by a

Developmental Cognitive Neuroscience 63 (2023) 101284

relatively stable trajectory after the first year of life (Hutter, 2021). The
onset of visual experience is critical for shaping visual cortical circuits
(Danka Mohammed and Khalil, 2020; Khalil et al., 2018). Gao et al.
(2015b) found that the primary visual areas show a dramatic increase in
BOLD signal synchronization during the first three months of life, fol-
lowed by a slower increase. Our results confirm these findings in the
primary visual areas (ScC and IcC) and adjacent higher-order visual
areas (bilateral lingual and occipital fusiform gyrus), which showed a
significant log increase of rGE. In addition, the rLE of the visual areas in
the occipital lobe did not show significant age effects. Instead, these
regions exhibited a stable rLE that is significantly higher than the whole
brain average starting from the third month of life (Fig. 7), consistent
with that observed by Yin et al. (2020), who reported that the voxels in
the occipital visual areas remained closely connected with each other
during infancy. Together, these findings suggested the presence of a
segregated visual functional network with rapid increase of rGE during
early infancy, followed by a stably high rGE afterward and a temporally
stable but significantly higher rLE than that of the whole brain average
LE.

Nevertheless, the rGE in the temporal/occipital visual areas exhibi-
ted an inverted U-shaped quadratic age effect (Fig. 3). These regions
form the “what” circuit for high-order visual processing and are
responsible for identifying objects (Hart Jr, 2015). The development of
the “what” system is complex and influenced by the refinement of
topographic projections within nuclei, columns within the cortex, and
layers within the lateral geniculate nucleus (Daw, 2014). The inverted
U-shaped trajectory of rGE may be initially attributed by the establish-
ment of long-range connections across the “what” system (Yeatman
et al., 2013), resulting in an enhanced functional integration. As the
brain maturation continues, the “what” circuit may undergo speciali-
zation through the establishment of more local connections (Yin et al.,
2020), leading to a decrease in global efficiency.

Finally, the posterior parietal extended to superior temporal asso-
ciate areas showed decreasing log rGE development. Previous studies
have indicated structural and functional intactness in the posterior pa-
rietal areas in 5-7-month-old infants (Wilcox et al., 2010). The strength
of short-range connectivity increased faster than that of long-range
connectivity in the parietal areas during infancy (Zhao et al., 2019b),
which may account for the observed decreased rGE and increased rLE
trend in our study. These findings may explain the observed pattern and
serve as a foundation for the later long-range FC development.

4.3. Relationship between regional efficiency and cognitive abilities

The fusiform gyrus plays an important role in various visual-related
tasks such as face recognition, color processing, and visual word form
processing (Forseth et al., 2018; Grill-Spector and Weiner, 2014; Weiner
and Grill-Spector, 2012). Previous research has shown that 2-month-old
infants have color vision, enabling discrimination between colored tar-
gets and their surrounding stimulus fields, while those at 3-month-old
can make discriminations based on color wavelength (Brown and
Lindsey, 2013). Face-selective processes emerge in infants at 4-6 months
(De Heering and Rossion, 2015), while 6- and 10-month infants can use
top-down contextual information to guide attention orienting, object
recognition, and visual search (Tummeltshammer and Amso, 2018).
Moreover, the visual word form area in the fusiform gyrus is believed to
be involved in identifying words and letters from lower-level shape
images (Ostrolenk et al., 2017). A recent study reported a distinct
neuroanatomical substrate in the middle fusiform gyrus that provides
access to object semantic information (Forseth et al., 2018). Visual
functions are critical to later behavioral and cognitive development,
such as fine motor skill, attention, and language (D’souza et al., 2020;
Maurer et al., 2007; Tsai et al., 2016). In this study, a positive associa-
tion was found between the development of rGE in the left TOF and
bilateral OFG, located in the fusiform gyrus, and early cognitive abili-
ties. This finding suggests that strengthening information integration in
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the fusiform visual regions may facilitate the development of
higher-order cognitive abilities during the first years of life. Neverthe-
less, it should be noted that the observed associations between rGE and
cognition were weakened with age increases.

For rLE, our study revealed a negative association between the
central opercular cortex (COC) and gross motor scores using the non-
linear model. The COC is located near the precentral gyrus and has
been linked to movement in individual participants (Eichert et al.,
2021). These results suggest that young children with stronger gross
motor abilities may have slower decreases in short-range functional
connectivity with the COC, or that a slower decrease in short-range
connectivity may lead to better gross motor abilities. However, this
observed association weakened with age.

4.4. Limitations

Our study had several limitations that should be noted. First,
although our results revealed spatially heterogeneous development of
regional efficiency attributes, the biological mechanisms underlying this
pattern remain largely unexplored. Second, this study focused solely on
functional development without considering the morphological changes
during early childhood. Future studies should consider both to fully
understand the potential interplay between structural and functional
development. Third, the age range was limited to 0-28 months in this
study and future research will be needed to investigate the develop-
mental patterns of efficiency attributes beyond this age range. Lastly,
while our study employed Mullen cognitive ability measures, informa-
tion on the developmental milestones of individual subjects, such as
walking, speaking, reading, writing, and other high-order abilities, were
not available, making it difficult to directly determine how the observed
temporal and spatial characteristics of GE and LE could be related to
these developmental milestones. Future studies focusing on the relations
between rGE/rLE and developmental milestones could further improve
our understanding of how graph theory-derived efficiency attributes can
be used to gain insights into early-childhood brain development.

5. Conclusions

In this study, we analyzed high-quality brain functional connectome
from a large-scale database to chart early brain functional development.
Using graph theory, we identified key regions responsible for functional
integration and coordination, as well as revealed patterns of spatially
heterogeneous development in the infants’ and toddlers’ brains. Most
intriguing, the regional global efficiency in the left temporal occipital
fusiform and bilateral occipital fusiform gyrus but not whole brain
global efficiency was found to be associated with early cognitive abili-
ties, suggesting that regional efficiency is more sensitive in detecting
brain - behavior associations than whole brain global parameters. This
study provides new insights into the development of regional efficiency
and its relationship with cognitive ability during early infancy.
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