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1. Introduction

One of the most astounding transformations that takes place in the living world is the
transformation of human brain from an earthworm like neural tube in the embryo to a well
organized system consisting of billions of neurons, trillions of synapses, as well as
supporting cells/structures. Equally astounding is the emergence of various complex
functions that accompany this remarkable structural transformation. In the long query to
shed light on brain’s functional development process, two questions — (1) how and when
specific functional modules emerge; and (2) how different functional modules integrate/
coordinate to form an efficient brain system, lie in the core. Traditional behavioral stud-
ies (Amsterdam, 1972; Cepeda et al., 2001; Diesendruck et al., 2004) have provided valuable
information about the developmental process, but such studies do not offer insights into
the anatomical and functional development of the brain in relation to the observed
behavioral maturation. Neuroimaging studies, in contrast, (including positron emission
tomography (PET), magnetic resonance imaging (MRI), etc) enable either direct or indi-
rect elucidation of the underlying neuronal activity, potentially, unveiling the neurophysio-
logical mechanisms guiding the developmental process. Insights from such studies are also
critical for better understanding of the neuropathology underlying various developmental
disorders, whose early diagnosis/intervention/treatment may benefit greatly from the
quantitative and objective nature of these investigations.

Traditional task-based functional magnetic resonance imaging (fMRI) techniques have been a
powerful and non-invasive tool for adult brain imaging for decades (Bandettini et al., 1992;
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Belliveau et al., 1991; Ogawa et al., 1990) and its application in developmental investigation
has also been long practiced. The feasibility of fMRI in newborns was first demonstrated by
Born et al in 1996 (Born et al., 1996), who reported a differential visual activation pattern
between infants and older children. Next, Hykin et al (Hykin et al., 1999) successfully con-
ducted fMRI experiments in fetuses in 1999. Other groups have subsequently reported
different functional activation patterns during both pre-and postnatal periods (Anderson et
al.,, 2001; Born et al., 1998; Dehaene-Lambertz et al., 2002; Fulford et al., 2003). However,
constrained by the inability to “perform tasks,” only visual, auditory or tactile stimuli could
be applied in such investigations, greatly limiting the scope of brain functions that were
explored using this technique.

The recent advance of resting state functional connectivity MRI (fcMRI) technique (Biswal et
al., 1995; Lowe et al., 1998), however, has greatly expanded the scope of fMRI beyond taskbased
approaches and provided a unique opportunity to answer fundamental questions about the
brain’s functional network organization. Initially described in Biswal et al’s seminal paper
(Biswal et al., 1995), f{cMRI measures temporal synchronization of spontaneous blood oxygen
level dependent (BOLD) fluctuations at rest, eliminating the need for external stimuli/tasks.
Thus, fcMRI greatly simplifies the experimental design and provides unique information
regarding the brain’s functional organization that is not available through traditional task-
based fMRI analysis. In adult subjects, various resting state functional networks (RSNs) have
been consistently reported including a motor-sensory network (Biswal et al., 1995), a visual
network (Lowe et al., 1998), attention networks (Fox et al., 2006), a memory network (Vincent
et al.,, 2006), and a network mediating self-related thinking (i.e., the brain’s default-mode
network) (Greicius et al., 2003; Raichle et al., 2001; Shulman GL, 1997). Results from these RSN
are highly consistent with the known anatomical connection and/or functional coactivation
patterns (Biswal et al., 1995). More importantly, fcMRI is particularly suited for studies where
the target population is not able to perform specific cognitive tasks as required by traditional
fMRI, such as studies of early brain development and neurological diseases (Greicius et al.,
2004; Liu et al., 2008; Seeley et al., 2009).

Although fcMRI has been successfully applied in numerous studies aimed at unveiling the
brain’s functional organization (e.g., development, aging, disease), several issues could affect
the robustness/interpretation of the obtained results. Among them, the physiological under-
pinnings of fcMRI signal remain elusive. Since the BOLD signal provides only an indirect
measure of the underlying neuronal activity, a pressing need for understanding of the neuronal
correlates of the fMRI signal has been widely recognized. The consensus is that task-driven
BOLD signal is highly correlated with local field potential (LFP), which is a complex signal
arising from integrated electrical activity in the pre-and postsynaptic terminals recorded in the
vicinity of embedded microelectrodes in the cortex (Logothetis, 2003; Logothetis et al., 2001;
Raichle and Mintun, 2006). However, neuronal dynamics resulting from external tasks are
likely fundamentally different from that observed in fcMRI signal. As a result, a direct
translation from the previous findings of task-driven fMRI to fcMRI interpretation may be
untenable. To directly delineate the underlying neural correlates of spontaneous BOLD signal
fluctuations, several groups have made important discoveries. First, using an anesthetized
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monkey model, Shmuel and Leopold (Shmuel and Leopold, 2008) demonstrated a significant,
time-lagged correlation between spontaneous BOLD fluctuations and the power of neuronal
activity in the local filed potential gamma band, multi-unit activity, and spiking activity,
directly supporting the notion that fcMRI correlation reflects the underlying neuronal
interplay between remote cortical regions. Second, by extracting signal from the depth
electrodes placed in the auditory cortex of epilepsy patients, Nir et al (Nir et al., 2008) found
significant inter-hemispheric correlations in the slow modulations of neuronal firing rates and
gamma (40~100Hz) LPF power with a clear spatial selectivity, further revealing the underlying
neuronal correlates of fcMRI signal. Additionally, He et al (He et al., 2008) also examined the
correlation structure of slow cortical potential (SCP) signal recorded from the implanted
electrodes in a similar epilepsy patient study and showed a consistent correlation structure
with that from fcMRI signals, providing evidence of the possible contribution of SCP in the
observed fcMRI correlation structure. Overall, although some discrepancies exist among the
studies examining the neuronal correlates of the observed fcMRI signal, the common finding
of significant neuronal activity correlation strongly supports the notion that functional
organization structures observed in fcMRI experiments reflect underlying neuronal interplay.
Future studies are still needed to further discern the physiological origins of fcMRI signal.

While fcMRI has been utilized to examine a wide variety of neurological diseases (Fair et al.,
2010; Greicius et al., 2004), aging (Achard and Bullmore, 2007), as well as brain development
(Fair et al., 2008; Fransson et al., 2007; Gao et al., 2009), emphasis in this chapter is given to how
fcMRI can be used to explore temporal and spatial evolution of early brain functional devel-
opment. In particular, we will focus on the first two years of life — the most critical time period
for postnatal brain development (Tau and Peterson, 2010). As early as the fifth week after
conception, the first synapses begin forming in the fetus’s spinal cord which permits the first
fetal movements such as spontaneous arches and curls of the whole body (Joseph, 1999). More
complicated and coordinated movements such as stretching, yawning, sucking, swallowing,
and grasping soon follow in the first and second trimesters. Toward the end of the prenatal
period, fetuses begin to respond to familiar odors and sounds (Joseph, 1999). It is clear that
nature ensures such vital and basic bodily functions are in place by the time a baby emerges
from the supporting womb.

After prenatal development, the first two years of life are commonly viewed as the most critical
time period for postnatal brain development (Tau and Peterson, 2010). At birth, the brain is
approximately one-quarter of its adult size and quickly grows to an adult-like volume (around
80%) by the end of the second year. The dramatic increase in the number of dendrites and
synapses is partly responsible for such a fast volume increase. In fact, the first two years of life
are an exuberant period for synapse growth and cerebral cortex produces most of its synaptic
connections. By the end of the second year, a toddler’s cerebral cortex contains more than one
thousand trillions of synapses, which are far more than that in an adult’s brain (around 50
percent more) and will experience a prolonged, experiencedependent pruning process to
achieve its matured configuration (Johnson, 2000, 2001; Tau and Peterson, 2010). Axonal
elongation, thickening, and myelination processes are also important growth factors during
this period (Gao et al., 2008; Haynes et al., 2005). It has been documented that long axonal
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connections are nearly complete around 9 months of age (Conel, 1939-1963; Tau and Peterson,
2010). Moreover, continuous myelination of white matter during the first two years of life
greatly improves the brain’s electrical signal transfer efficiency (Haynes et al., 2005). Concur-
rent with the above mentioned dramatic structural development is the parallel improvement
in brain function. Decasper and Fifer (DeCasper and Fifer, 1980) demonstrated that the
sensorimotor experiences of fetus and voice of mother (Kolata, 1984) can be recognized.
Additionally, Fivush and Hamond (Fivush, 1990) showed that 2yr olds can already retrieve
much detail about a trip to the zoo. Studies on toddlers also revealed that 18-to 24-month-olds
are able to use speaker’s gaze direction (Baldwin, 1993) and affective expression (Tomasello
et al., 1996) as cues leading to speaker’s communicative purposes. Akhtar and Tomasello
(Akhtar, 2000) further proposed that children are able to infer the meaning of words through
an understanding of people’s minds (Diesendruck et al., 2004). More importantly, one of the
unique properties of human self-awareness has also been documented to undergo major
development during the first two years of life (Amsterdam, 1972). The gradual emergence of
such higher order cognitive functions leads to the hypothesis of parallel establishment of
corresponding functional networks during this critical period. Moreover, as more complex
functions emerge, the brain’s information transfer efficiency is also expected to improve.
Leveraging on graph theory analysis (Bullmore and Sporns, 2009), brain’s information transfer
efficiency can be effectively measured based on fcMRI time series data.

Although this chapter primarily focuses on the applications of fcMRI in normal brain devel-
opment, fcMRI studies in developmental disorders are also briefly reviewed. This chapter is
organized as follows: Section 2 provides a review of data acquisition, preprocessing and
various analysis approaches for fcMRI study; Section 3 illustrates recent findings on the
emergence of various functional networks; Section 4 shifts attention from individual networks
to the whole brain network; Section 5 reviews recent applications of fcMRI on various
developmental disorders; Section 6 provides a discussion of the limitations and future
directions of the use of fcMRI in developmental studies; and finally, Section 7 provides a
conclusion.

2. Data acquisition and analysis

The acquisition of resting state f{cMRI data is identical to that of traditional task-based fMRI
(except no task/stimuli are required during the acquisition) for which echo planer imaging
(EPI) is the most frequently used imaging sequence due to its fast scan time. Using an EPI
sequence, a 2D slice can be acquired in approximately 40 to 100ms and 2 to 3 seconds for whole
brain coverage, which alleviates motion-related artifacts during imaging. However, this
sequence is prone to other artifacts related to either hardware (e.g., eddy current effect) or
imaging sample (e.g., T2* related susceptibility effect). Moreover, although EPI is already a
fast imaging technique, the time resolution (~2 seconds) is still far from sufficient to charac-
terize the dynamic of underlying neuronal activity and unable to faithfully sample several
physiological factors such as respiratory/cardiac cycles resulting in potential noise contami-
nation. Therefore, further improvement in imaging acquisition methods for faster scanning is
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greatly desired (Feinberg et al., 2010). Another important factor in fcMRI experiments is the
required duration of acquisition. Van Dijk et al. (Van Dijk et al., 2010) compared the correlation
strengths resulting from different lengths of data acquisitions (from ~4min to ~12min) and
reported that they stabilized at 5-6 min of data acquisition. More recently, Whitlow et al.
(Whitlow et al., 2011) reported similar findings and further proposed that graph theory metrics
of network connectivity might be accurately calculated from as little as 1.5~2 min of fcMRI
data. Besides these technical considerations, fcMRI study requires that subjects are at a
“resting” state. In adult studies, different ways of keeping subjects at resting are utilized such
as fixation, eyes closed resting (ECR), and eyes open resting (EOR). Van Dijk et al. (Van Dijk
et al., 2010) compared the functional connectivity strength within default and attention
networks during these different resting states and reported significant differences between
ECR and fixation, as well as between ECR and EOR, but not between EOR and fixation,
indicating a significant effect of eyes opening versus eyes closing. However, similar compar-
isons on other functional networks are lacking and the conclusion might not be directly
generalized. In developmental studies, keeping the subjects “resting” and still within the
scanner at wake condition proves to be extremely challenging. Therefore, most developmental
studies, especially those focusing on the first two years of life, scan their subjects during
sleeping state (either natural sleeping or sedation-induced sleeping). For older children, as
keeping them sleeping within the scanner becomes harder, watching movie is an alternative
for keeping them still in the scanner, but the brain state difference between sleeping and movie
watching should be considered (Gao and Lin, 2012).
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Figure 1. The histograms of the group mean correlation matrices (16 subjects, 32 ROIs covering five predefined func-
tional networks, 496 correlations) with (blue) and without (red) global signal regression during three experimental
conditions-resting, finger tapping, and movie watching. This figure was reproduced with the permission from Gao and
Lin. (2012).
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While acquiring fcMRI images is rather straightforward and EPI is the most widely employed
imaging sequence, the means through which fcMRI data is processed to discern brain func-
tional connectivity is less consistent across different research labs. Typically, fcMRI is prepro-
cessed, including time shifting, motion correction, spatial smoothing, linear trend removal,
low pass filtering (typically <0.1Hz) and nuisance signal regression. Although minor discrep-
ancies exist regarding the pre-processing procedures among different researchers, most of the
steps are fairly consistent and widely accepted with the exception of nuisance signal regression,
especially global signal removal, which is designed to minimize the potential sources of
physiological noise such as respiration and cardiac motion (Chang and Glover, 2010; Fox et
al., 2009; Murphy et al., 2009). Such a regression forces the resulting correlation strength
distribution (from a seed-based analysis) to be bellshaped centered at zero. Fig. 1 shows the
distribution of correlation coefficients with and without global signal removal during three
different experimental conditions-resting, finger tapping, and movie watching (Gao and Lin,
2012). It is immediately apparent that the removal of global signal leads to the presence of
negative correlations. One immediate question is whether the observed negative correlation
is “introduced” by global signal removal or is “brought” into light after removing the nuisance
factors (global signal) obscuring the true relationships. Great controversy exists concerning
the interpretation of negative correlations (Fox et al., 2009; Murphy et al., 2009). Fox et al (Fox
et al., 2009) have shown that after removing the networks in question from the global signal
mask (essentially eliminating the mathematical constraints on the two systems), certain anti-
correlation can still be observed. Moreover, in an independent study, Chang and Glover
(Chang and Glover, 2010) showed evidence of the presence of anti-correlation between the
default network and the task-positive dorsal attention network, both with and without
controlling for physiological noise variation induced by respiration and heart beating (al-
though physiological noise correction did increase the spatial extent and magnitude of
negative correlations). Such findings partially support the “authenticity” of the observed
negative correlation, but future studies are needed to further delineate the nature of the global
signal and the interpretation of the negative correlations after their removal.

After the pre-processing steps, three categories of methods generally exist for further proc-
essing fcMRI data to examine brain functional connectivity: (1) seed-based method; (2)
independent component analysis based method; and (3) graph-theory analysis based method.
The seed-based approach is the most widely adopted likely due to its simplicity in both
implementation and interpretation. By designating a seed region for obtaining the reference
signal, a voxel-wise whole brain correlation analysis can be conducted to acquire individual-
based functional connectivity maps, which can then be pooled together to obtain a group map
after statisitcal testing of each voxel’s connectivity strength. Such a map represents the
architecture of the functional network dictated by the seed region, enabling easy interpretation
of the results. However, this approach could potentially be biased by the choice of the seed
region and can only determine the brain functional connectivity specifically associated with
the chosen seed. Most of the reported studies detemine the seed region either based on
anatomical features or published coordinates of previous fMRI activation studies. Then a
spherical ROl is defined centered at the seed with a certain radius, where both the location and
size can vary from study to study. This variability poses a potential problem for direct
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comparisons between different studies. This problem is worsened in developmental studies
since both the structural and functional brain organization might differ from those of adults,
making the choice of seed regions based on the readily available adult literatures impractical.
Mathematically, seed-based correlation analysis measures only the pair-wise correlation
between a seed region and the voxel in question while ignoring the multivariate relationship
among all brain voxels, which may be suboptimal especially when one intends to define the
architectures of several networks simultaneously (Joel et al., 2011).

The independent component analysis (ICA) approach, on the other hand, largely alleviates the
above mentioned problems. First, since it does not need pre-specified seed regions but extracts
spatially/temporally independent components in a data-driven fashion, the biases associated
with choosing seed regions are largely avoided. Second, depending on whether spatial or
temporal ICA is applied, this approach maximizes the spatial/temporal independence among
allidentified components simultaneously by considering all voxel’s time courses together, thus
alleviating the “pair-wise” correlation problem embedded in the seed-based approach. Given
these advantages, numerous studies (Damoiseaux et al., 2006; Fransson et al., 2010; Gao et al.,
2009) have applied ICA and the results are fruitful. However, these advantages come at a cost.
Since there is no inherent “ranking” available for ICA-extracted components, selecting
components reflecting brain functions is a matter of subjectivity through either visual inspec-
tion or template matching. Although quantitative methods (De Martino et al., 2007; Perlbarg
et al.,, 2007; Tohka et al., 2008) aiming to solve this issue are emerging, their effectiveness and
robustness need to be validated by independent studies.

Another widely used strategy is to parcellate the entire brain into a set of ROIs and to perform
graph-theory based analyses to delineate the whole brain’s functional topology. More detailed
reviews of graph theory based analysis can be found in Bullmore and Sporns (Bullmore and
Sporns, 2009). The small-world related measures (Latora and Marchiori, 2001; Watts and
Strogatz, 1998) are especially popular and have been used to quantify the brain’s development
(Supekar et al., 2009), aging (Achard and Bullmore, 2007), as well as various disease processes
(Liu et al., 2008). However, similar to a seed-based approach, there is no standard approach
as to how the whole brain should be parcellated. In practice, different anatomical feature based
parcellation schemes including AAL (Tzourio-Mazoyer et al., 2002), ANIMAL (Collins et al.,
1995) have been used. However, as described by Fornito et al (Fornito et al., 2010) and Wang
et al. (Wang et al., 2009), different graph analytic measures may arise from different parcella-
tion resolutions, making direct comparisons between studies untenable. Moreover, anatomical
parcellation approaches do not explicitly consider functional similarity within the defined
regions. As a result, spatial intra-region inhomogeneity of the BOLD signals may lead to
spuriously averaged signals, and hence, inaccurate graph analytic measures. Data driven
functional similarity based brain parcellation schemes are particularly desired in studies where
the architecture of brain functional regions may deviate from that in normal adults. Such
methods (Nelson et al., 2010; Neumann et al., 2006; Shen et al., 2010) directly utilize Pearson’s
correlation or canonical correlation between BOLD time series as similarity measure aiming
at defining functionally sensible parcellations. As such strategies could effectively address the
functional inhomogeneity concern inherent in anatomical-defined parcellation schemes,
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potential issues also exist. Among them, the most challenging one might be the number of
regions to define. As most current methods relying on predefining a fixed number based on
prior information, more data-driven approaches are highly desired and deserve further effort.

In addition, another limit for graph-theory based methods is that there is currently no optimal
way to compare networks with different number of nodes and/or edges (van Dijk et al., 2010).
A summary of different fcMRI analysis methods can be found in Table. 1.

Methods Brief Description Advantage Disadvantage

By designating a seed region

for obtaining the reference Seed choice bias; Focusing
signal, a voxel-wise whole Easy implementation ; on pair-wise correlation
Seed-based method brain correlation analysis is Straightforward while ignoring multivariate
conducted to define a Interpretation. relationship among multiple
particular functional networks.
network.

Data-driven way to define

Functional networks are functional networks; o )
) ) ) Subjective selection of
Independent component extracted through blind ~ Simultaneous extraction of
_ ) ] ] ) independent components for
analysis (ICA) source separation technique- multiple functional networks ]
) o subsequent analysis.
ICA. based on their multivariate
relation.

The brain is first pacellated ) ) ) )
) i Whole brain analysis Anatomically defined
into a set of ROIs after which ] )
~ enabling assessment of parcellation; Currently no
graphtheory based analysis is ) ) )
] brain’s overall information  standard ways to compare
Graphtheory based analysis performed to evaluate

) ) transferring property networks with different
brain’s functional topology ]
) ) through various graph- numbers of nodes and/or
using various network
theory based measures. edges.

measures.

Table 1. Typical methods applied in fcMRI study.

3. The emergence of individual functional networks during the first two
years of life

A mature brain works as a unified system involving various functionally specialized networks
each dealing with an array of specialized functions. Generally, depending on the nature of the
functions, brain networks are classified into primary functional networks such as sensory,
motor, and visual networks or higher order cognitive networks such as attention, memory,
executive control, emotion, etc. The developmental trajectory of each individual functional
network is of great interest. Successful interaction with the outside world rests on the proper
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functioning of the primary networks and it has been suggested that they are essential for the
tuning and establishment of the higher order cognitive networks (Johnson, 2000, 2001).
Therefore, it is anticipated that primary functional networks will develop faster and earlier
than those higher order cognitive functional networks.

Figure 2. The functional connectivity maps of motor-sensory network at 2wks, 1yr and 2yrs of age, respectively. The
color bar represents z-score values. This figure was reproduced with the permission from Lin et al. (2008).

Using a seed-based approach, we (Lin et al., 2008) have reported the developmental patterns
of both the motor-sensory and visual networks during the first two years of life (Fig. 2 and
Fig. 3). The seeds were manually drawn around bilateral motor-sensory cortex and visual
cortex for the two networks, respectively. The most noticeable feature is that starting at
neonates, the two networks already demonstrate a bilateral-symmetric functional connectivity
pattern similar to that of 2yr olds, which is also reasonably consistent with their adult config-
uration (Biswal et al., 1995). Consistent with this finding, Fransson et al (Fransson et al., 2007)
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also reported the existence of adult-like motor-sensory, visual, as well as auditory networks
in preterm infants scanned at term equivalent age. A longitudinal study by Smyser et al
(Smyser et al., 2010) further delineated the dramatic development of such primary sensory
networks during the prenatal period from 26 weeks postmenstrual age to the term equivalent
age supporting the network structures observed in neonatal subjects. The early synchroniza-
tion of these primary sensory functional networks most likely indicates an evolutional
optimization to ensure early survival as well as effective interaction with the outside world
for proper experience-based tuning of other higher order networks. However, despite of the
common feature of early synchronization, Fig. 2 and 3 show that the motor-sensory network
demonstrates more development during the first year of life, while visual network shows more
increase during the second year of in terms of normalized volume of cortical connectivity,
which indicates certain level of differential growth trajectories for different primary networks.

Figure 3. The functional connectivity maps of visual network at 2wks, 1yr and 2yrs of age, respectively. The color bar
represents z-score values. This figure was reproduced with the permission from Lin et al. (2008).

While the primary brain functional networks appear to be reasonably developed immediately
after birth, the growth trajectories of other higher order cognitive functional networks likely
differ. Recently, a novel brain functional network was proposed by Raichle et al (Raichle et al.,
2001) where the involved brain regions exhibit down-regulated activity during various goal-
directed external tasks but up-regulated activity during uncontrolled resting state (Shulman
GL, 1997). Various studies have been conducted in an attempt to probe the exact function of
this network (Buckner et al., 2008; Buckner and Carroll, 2007; Greicius and Menon, 2004;
Gusnard et al., 2001; Gusnard and Raichle, 2001). Among them, the consensus is that this
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network mainly supports self-related internal cognition (Andrews-Hanna et al., 2010; Buckner
etal., 2008; Buckner and Carroll, 2007; Gusnard et al., 2001). From a developmental perspective,
the establishment of self-consciousness has to be the preface of such self-referential thinking
process and hence is likely related to the integrity of this network. Interestingly, Amsterdam
(Amsterdam, 1972) vividly documented the emerging process of self-consciousness during the
tirst two years of life. He showed that neonates could not recognize themselves from their
mirror images but infants from 6 through 12 months of age demonstrate prolonged and
repeated reaction to their mirror images as a sociable playmate. Wariness, withdrawal, self-
admiring, and embarrassed behaviors start at 14 months and have been observed in 75% of
the children after 20 months of age. From 20 to 24 months of age, the majority of subjects
demonstrate recognition of their mirror images. If the default network is indeed responsible
for the self-consciousness based internal thinking process, we would expect a gradual
orchestration of this network during the first two years of life. Fig. 4 shows the default network
of 3wks, 1yr and 2yr olds, respectively. As shown, a rather primitive/incomplete default
network consisting of 6 brain regions is observed in neonates, among which only medial
prefrontal cortex (MPFC) and posterior cingulate cortex (PCC) regions are typically observed
in its adult configuration. The finding of an “incomplete” default network is consistent with
results from several other studies (Fransson et al., 2007; Smyser et al., 2010). However, at 1yr
old, a total of 13 regions are observed and 10 of them are consistent with that observed in
adults, including ventral/dorsal MPFC, PCC/retrosplenial (Rsp), bilateral lateral temporal
cortex (LTC), bilateral inferior parietal lobule (IPL), and the hippocampal formation (HF)
(Buckner et al., 2008). Such dramatic synchronization reflects fast orchestration of this network
during the first year of life. In 2yr olds, the default network continues to grow by covering
more regions (13 regions) consistent with adult’s configuration. However, 6 non-typical
regions including the orbital frontal, anterior cingulate cortex (ACC), right and medial parietal,
and bilateral superior temporal regions are also observed.

The spring embedding plots (Ebbels et al., 2006) further demonstrate the topology of the
default network throughout the first two years of life (Fig. 5). These graphs are arranged such
that the most strongly connected regions were drawn close to each other and placed in the
center of the graph and vice versa. One notable feature is that both PCC/Rsp and MPFC are
consistently located in the center of each graph with the exception of the neonate group (only
PCC/Rsp), implying that these two regions are most strongly connected with other regions.
Moreover, the PCC/Rsp and MPFEC reliably exhibit the highest mean connection strengths
across all ages (Fig. 6). Such finding is consistent with adult studies (Buckner et al., 2008)
reporting the “hub” role of these two regions in this distributed network. The betweenness
centrality (BC) (Brandes, 2001) —a measure of node importance in graph theory further confirm
that PCC/RSp and MPFC indeed serve as the hubs in the pediatric default network (Fig. 7).
These results suggest that the PCC/Rsp may be the major hub of the default network whereas
the MPFC subsequently emerges, potentially, as the secondary hub starting at 1yr of age.

Overall, a gradual emergence of the default network is observed during the first two years of
life and the PCC/Rsp and MPFC emerge as two potential hubs. This finding is consistent with
previous reports of the emergence of self-consciousness (Amsterdam, 1972), as well as other
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Figure 4. The independent components associated with brain’s default network for neonates, 1yr olds, 2yr olds and
adults. Individual regions are labeled for each map. ACC: anterior cingulate cortex; HF: hippocampal formation; In-
fTemporal: inferior temporal cortex; IPL: inferior parietal lobule; LTC: lateral temporal cortex; LatParietal: lateral parie-
tal cortex; MedParietal: medial parietal cortex; MidFrontal: middle frontal cortex; MPFC: medial prefrontal cortex; PCC:
posterior cingulate cortex; PHC: para-hippocampal cortex; SupTemporal: superior temporal cortex. This figure was re-
produced with the permission from Gao et al. (2009).

default network related functions such as episodic memory (Fivush, 1990; Kolata, 1984).
Moreover, the appearance of non-typical regions in all three pediatric groups’ default network
indicates further pruning/specialization process needed for final maturation. Therefore, in
contrast to the primary networks (e.g., motor-sensory, visual) for which the major develop-
ment is done prenatally, the establishment of the higher order default network takes prolonged
postnatal development to achieve its functioning configuration.

Up to now, the discussions are largely focused on individual network level. As our brain is an
integrated system consisting of many functionally specialized networks, it is of critical
importance to further understand the interaction among different networks. Five networks
including the previously described motor-sensory, visual, default network and two other
higher order networks-dorsal attention and fronto-parietal control network (Vincent et al.,
2008) were simultaneously studied based on an extended dataset including 51 neonates (27
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Figure 5. The spring embedding plots of the group-mean functional correlation patterns within the default network
for neonates, 1yr olds, 2yr olds and adults. This figure was reproduced with the permission from Gao et al. (2009).

male, 23+ 12days (SD)), 50 1yr olds (27 male, 13+ 1 months) and 46 2yr olds (28 male, 24+ 1
months). Specifically, 5, 6, 6, 6, and 9 ROIs (8mm-radius sphere, altogether 32 ROIs) were
defined based on the MNI coordinates published in adult studies (Vincent et al., 2008) to
construct the five networks, respectively, from which the group mean correlation matrices
were constructed (32x32) and visualized using spring-embedding plot (Fig. 8). In this figure,
the segregation/synchronization of the five networks across the first two years of life can be
simultaneously characterized. In neonates, except for the motor-sensory network (red) and the
visual network (blue), which are already well organized into cohesive clusters, the remaining
three higher-order cognitive networks are rather scattered (i.e., three separated clusters for
default network (yellow); two for the dorsal attention network (magenta) and two for fronto-
parietal control network (brown).

This finding is highly consistent with results shown in Fig. 2-4, which again indicates early
maturation of primary functional networks. In fact, the motor-sensory and visual networks
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Figure 6. The mean connectivity strength of each node within the default mode network for neonates, 1yr olds, 2yr
olds and adults. Each bar represents the group mean of each node's mean connectivity strength within the default
network. Each asterisk represents an individual subjects’ value. This figure was reproduced with the permission from
Gao et al. (2009).

remain as cohesive clusters throughout the different age groups examined (i.e., neonates, 1yr
olds, 2yr olds, and adults, Fig. 8). In great contrast, the synchronization of higher-order
cognitive networks takes a more prolonged time. Specifically, the default network starts to be
synchronized into one cluster in 1yr olds and remains so thereafter. However, although the
other two networks (i.e., the dorsal attention network and the fronto-parietal control network)
demonstrate certain long-distance synchronization during the first two years of life (Fig. 8), it
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Figure 7. The betweenness centrality value for each node in the default network for neonates, 1yr olds, and 2yr olds.
This figure was reproduced with the permission from Gao et al. (2009).

is not until adults are they organized into selfcontained clusters. Clearly, more quantitative
characterization, as well as additional sampling between 2yr olds and adults, is highly
desirable for more specific delineation of the complete growth trajectories of these five
networks. Nevertheless, one trend is again clear in Fig. 8; primary networks such as motor-
sensory and visual are wired prenatally while the synchronization of higher-order cognitive
networks is achieved during postnatal life (Fransson et al., 2007; Lin et al., 2008; Smyser et al.,
2010). Interestingly, from a spatial perspective, higher order cognitive networks are usually
spatially distributed but primary sensory networks are mostly locally wired. This local
organization might partially contribute to their early synchronization. Specifically, it is likely
that long distance connections are not established immediately after birth (discussed below)
and that the anatomical proximity facilitates formation of short-distance connections so close
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2-year-old

Figure 8. Spring embedding plots of the group-mean correlation pattern among five predefined functional networks:
motor-sensory, visual, default, dorsal attention, and fronto-parietal control network. The spatial evolution of each net-
work is highlighted by different colors. DA: dorsal attention network; DF: default network; FPC: fronto-parietal control
network; MS: motor-sensory network; V: visual network.

interaction immediately after birth can be achieved. This property is likely attributed by
evolutional optimization so that early survival can be ensured. Moreover, this evolution
process promotes the development of experience based fine tuning and maturation of higher
order networks (Johnson, 2000, 2001). Overall, existing results support the notion that brain’s
matured organization is optimized according to the developmental process which not only
ensures early functioning of primary functions but also allows sufficient environmental tuning
of higher order functions for better adaptation.

4. The evolution of whole brain’s efficient topology

The examination of individual functional networks provides vital information about the early
development of brain’s sub-systems. Yet, how the whole brain topology evolves during this
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critical time remains elusive. By designating different brain regions as nodes and connections
between them as edges, recent graph theory advancement, especially the smallworld topology
(Watts and Strogatz, 1998) appears well suited to quantitatively characterize the complex
network structure of the human brain. Small world topology is characterized by a high level
of local cliquishness as well as sufficient long-range direct connections bridging the local
clusters, leading to excellent local and global wiring efficiency for information transfer. The
regions that bridge disparate and local clusters are important information transfer portals,
usually termed network hubs (Barabasi and Albert, 1999). While many studies have confirmed
the existence of small world characters in matured brain networks (Achard et al., 2006; Hilgetag
et al., 2000; Salvador and E., 2005; Watts and Strogatz, 1998), Fransson et al (Fransson et al.,
2010) showed that the infant (1 week old) brain also exhibits a small world topology. However,
how the whole brain network topology continues to evolve during the first years of life remains
elusive. In particular, given the dramatic axonal elongation/thickening and myelination during
this period (Conel, 1939-1963; Fair et al., 2008; Tau and Peterson, 2010), the resulting enhance-
ment in long-distance connections must have profound implications in achieving a highly
efficient brain network. To test these hypotheses, 51 neonates (27 male, 23+12days (SD)), 50
lyr olds (27 male, 13+ 1 months) and 46 2yr olds (28 male, 24+ 1 months) with successful fcMRI
scan were retrospectively identified and graph theoretical analyses were conducted (same as
the data used in Fig. 7) (Gao et al., 2011).

A whole brain parcellation approach (as described above) was employed by parcellating the
brain into 90 ROIs and correlation matrices from individual subjects were constructed after
standard preprocessing (Section 2). Local efficiency (LE), global efficiency (GE) (Latora and
Marchiori, 2001), and betweenness centrality measures (Brandes, 2001) were calculated. The
significant correlation matrices (p<0.05, FDR corrected) are presented in Fig. 9 for neonates,
lyr and 2yr olds. Dramatically increased connection density (Fig. 9b) can be observed from
neonates to 1yr olds. Moreover, the anatomical distance histogram plot (Fig. 9c) of these
significant connections clearly demonstrates a rightward shift, suggesting increased longrange
connections. More importantly, those connections exhibiting increased strength with age are
always associated with significantly longer connection distances than those decreasing
strength with age (Fig. 9d).

To further examine the topological changes as resulting from the emerging long-distance
connections, the top 15% of most significant connections from the group mean correlation
matrices were visualized on a brain surface in Fig. 10. Imposing a fixed cost ensures that the
topological changes arise not from different number of connections but instead from the
rearrangement of connections. Different nodes are classified into different functional modules
(represented by different colors) based on modularity analysis of their functional relationship
(Newman, 2006). Interestingly, the neonates group’s modules are largely local and agree well
with the boundaries of different lobes. However, 1yr and 2yr olds” modular structures become
dramatically more distributed. For example, in 1yr olds, the cyan-colored module spans across
temporal and parietal lobes; the red-colored module covers both the parietal and subcortical
regions; while the magenta-colored module includes regions from the parietal, frontal, and
temporal lobes. Similarly, the red-colored module covers parietal and subcortical regions; the
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Figure 9. Assessment of age-dependent change of brain network topology. (a) significant connectivity matrices
(p<0.05, FDR corrected) for neonates, 1yr and 2yr olds; (b) connection density change in the three age groups; (c) the
histogram of the normalized anatomical distance associated with the significant connections in each age group's net-
work; (d) comparison of the anatomical distances associated with connections showing age-dependent increase/
decrease in strength. Increasing connections with age (red) consistently possess longer anatomical distances than de-
creasing connections (blue, p<1e-10 from 0 to Tand p=1e-6 from 1 to 2).

cyan-colored module spans across the frontal and temporal lobes; while the blue-colored
module is distributed between the frontal and parietal lobes in 2yr olds, demonstrating a
largely distributed functional modular structure. The apparent increase of long-range con-
nections (shown in Fig. 10) highlights the modular structure changes from local to distributed
network during the first two years of life.

One of the main characteristics of graph theory analysis is the determination of brain functional
hubs for information transfer. The brain’s functional hubs (top 10 regions showing highest
betweenness centrality values at cost 15%) demonstrate an interesting evolution pattern during
the first two years of life (see Fig. 11). There are two apparent clusters of hubs, anterior and
posterior clusters, in neonates, suggesting that major functional developments may have
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Neonates 1-year-old 2-year-old

Figure 10. Changes of modular structure during the first two years of life. Different colors represent different modules
in each age group.

already occurred in both the frontal and occipital lobes. In addition, most of the connections
between the hubs are interhemispherical with no clear connections between the two clusters.
In1yr olds, the hubs are well connected and more anatomically centered with few hubs located
in the anterior and posterior areas of the brain. Finally, the distribution of hubs becomes more
spatially uniform in 2yr olds and the connections associated with the hubs provide a fairly
uniform covering of the whole brain (Fig. 11).

Neonates 1-year-old 2-year-old

Figure 11. The distribution of functional hubs in the three age groups based on connection matrices at cost 15%. Hub
regions together with connections (at cost 15%) are visualized on the corresponding brain surface.

Together, with the aforementioned brain functional network development during the first two
years of life, it is highly plausible that brain efficacy for information transfer also undergoes a
similar evolution process. To quantitatively examine the efficiency improvement resulting
from such dramatic topological changes, local (LE) and global efficiency (GE) for the whole
network were calculated for each individual subject at the same cost of 15%. The results are
presented in Fig. 12. Significant increases of LE and GE are observed from 3wks to 1yr of age
(red asterisks, p=4e-7 and 6e-8 for LE and GE, respectively) but neither measure is statistically
different between 1 and 2 yrs of age. Note when comparing neonates with 2yr olds, 2yr olds
also demonstrate significantly higher LE (p=1e-8) and GE (p=7e-9).

In summary, the results reported in the literature have consistently indicated that the neonatal
brain already exhibits a small-world network with reasonable information transfer efficiency
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Figure 12. Quantitative measures of whole brain network’s local efficiency (LE) and global efficiency (GE) at cost 15%
based on individual subject’s correlation matrices. Red asterisks represent significant difference at p<0.05 (FDR cor-
rected).

(Fransson et al., 2010; Gao et al., 2011). The well documented prenatal axonal development
(Haynes et al., 2005) might set the foundation for an efficient connectivity network hence
explains this finding. However, significant improvements of both LE and GE are observed
from neonates to 1yr olds, whereas no statistical difference between 1 and 2yr olds is observed
(Fig. 12). This non-linear developing pattern of brain wiring efficiency, particularly GE, is
intriguing. Neonates demonstrate an anatomically ordered architecture (Fig. 10), in which
neighboring clusters are largely sequentially connected, leading to a longer path length, while
1 and 2yr olds show considerably better wired brain topologies with abundant bridging
connections even between distant clusters, suggesting that anatomical long-range connections
may play a critical role in the observed improvement. Indeed, quantitative compassions of
connectivity strength show remarkable growth of longdistance connections (Fig. 9) strongly
supporting the anatomical basis of network efficiency and suggesting that the establishment
of a higher GE rests critically on the development of long-distance connections. An increase
in long-distance connections has been reported when comparing school-aged children with
adults (Fair et al., 2008; Fair et al., 2009; Kelly et al., 2009). Nevertheless, given the age differ-
ences between our study cohort and that reported in the literature, the biological underpin-
nings associated with the observed increased longrange connections most likely differ.
Specifically, since the axonal properties (e.g., length, diameter, density) are most likely well
established in school-aged children, the observed increase in long-range connectivity strength
might primarily arise from the continuing myelination process, improving information
transfer efficiency between distant brain regions (Tau and Peterson, 2010). In contrast,
although some of the major long-range axonal connections (especially callosal fibers) are
present in neonates (Fransson et al., 2007; Tau and Peterson, 2010), continuing axonal elonga-
tion/thickening is expected at this age to facilitate forming connections with other distant brain
functional areas (e.g., in the anterior-posterior direction), especially during the first year of life
(Tau and Peterson, 2010). Moreover, the myelination process is also documented to experience
the most dramatic growth during the first two years of life (Gao et al., 2008; Haynes et al.,
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2005; Tau and Peterson, 2010). Therefore, a combination of axonal growth and myelination
likely accounts for the changes observed in our study.

The observation of no significant changes between 1yr and 2yr olds in whole brain smallworld
properties echoes the findings by Supekar et al (Supekar et al., 2009) and Fair et al (Fair et al.,
2009), who also failed to detect significant whole brain efficiency changes when comparing
school-aged children with adults. However, significant regional wiring changes (LE/GE) have
been documented in previous studies (Fair et al., 2009; Supekar et al., 2009; Gao et al., 2011).
In considering these findings, it is plausible that the whole brain reaches an adultlike “small-
world” topology from 1-year-old on while after that although significant local changes
continue to reshape the brain for the development of specific functions, the whole brain
efficiency property remains un-disturbed.

5. Explorations into developmental disorders

Studies utilizing fcMRI to discern potential neuropathological underpinnings of various
developmental disorders are emerging (Church et al., 2009; Di Martino et al., 2010; Dickstein
et al., 2010; Fair et al., 2010; Liston et al., 2011; Qiu et al., 2010; Uddin et al., 2008). For example,
Church et al (Church et al., 2009) examined youth subjects (aged between 9 to 15) with Tourette
syndrome (TS), a developmental disorder characterized by irresistible stereotyped movements
and vocalizations called “tics”. They specifically evaluated functional connectivity associated
with two putative control networks — a “fronto-parietal network” likely involved in online
control and a “cingulo-opercular network” important for set-maintenance. Specifically, they
found that most of the connections with abnormal connection strengths (less-matured) were
associated with the fronto-parietal network indicating more pronounced disruption of
adaptive online control function in TS subjects. Di Martino et al (Di Martino et al., 2010)
investigated autism spectrum disorders (ASD), a developmental disorder characterized by
impaired social interaction and communication. They compared the striatal functional
connectivity between children with ASD (aged between 7-and 13-year-old) and normal
controls and found widespread hyper-connectivity among all striatal regions as well as
between striatal regions and other associative regions such as insular and right superior
temporal gyrus. Based on these findings, they postulated that developmental derangement
rather than immaturity of functional circuits might underlie ASD. Dickstein et al (Dickstein et
al., 2010) studied pediatric bipolar disorder (BD) in youth subjects between the age of seven
and seventeen and found greater negative functional connectivity between left dorsal lateral
prefrontal cortex and right superior temporal gyrus in BD subjects when compared with
normal controls, indicating abnormal development of this important circuit for working
memory and learning.

Attention-deficit/hyperactivity disorder (ADHD) characterized by attentional problems and
hyperactivity has also attracted great interest in resting-state fMRI studies (Liston et al., 2011).
Among these, Fair et al (Fair et al., 2010) examined the functional connectivity within the
default network and found generally reduced connectivity in children with ADHD comparing
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with normal controls, reflecting atypical circuit maturation of this network. Interestingly, using
the independent component analysis approach, Qiu et al (Qiu et al., 2010) reported both
decreased and increased functional connectivity within this network (i.e., increased functional
connectivity in anterior cingulate cortex, posterior cingulate cortex, lateral prefrontal cortex,
precuneus and thalamus but increased connectivity in posterior medial frontal cortex). In a
separate study, Uddin et al (Uddin et al., 2008) also found decreased network homogeneity in
the precuneus node of the default network. Besides default network, other studies targeting
at ADHD have also investigated into abnormal functional connectivity in other parts of the
brain. For a recent review of fcMRI studies on ADHD, please refer to Liston et al (Liston et al.,
2011).

As described above, most of existing studies focused on the population of children no younger
than 7-year-old. However, the first two years of life is perhaps a critical time period where
certain developmental disorders start to develop such as autism syndrome disorder ASD (Levy
et al., 2009). Other disorders such as ADHD may have a late onset as school-aged children but
the underlying neurophysiologic changes may occur well before the onset of behavioral
symptoms (Ilott et al., 2010; Kieling et al., 2008). Hence the understanding of the underlying
neuropathology during the first years of life is vital to early diagnosis and potential treatment
of such disorders. As a result, resting-state fMRI studies focusing on a much younger age
period are highly warranted for successful delineation of the underlying neurophysiological
mechanisms of different developmental disorders. In addition, most of the existing studies
focus on specific circuits/connections, potentially limiting the findings of novel abnormal
circuits/connections that may underlie such disorders. Therefore, more studies with an
exploratory nature are greatly needed in future research.

6. Technical issues in the application of fcMRI for early brain development

There are potential issues that are of particular importance for the utilization of fcMRI in
the developmental brain. The first and foremost is the definition of ROIs for pediatric
subjects, especially for those younger than 1 year of age when both brain’s structural
morphology and functional organization is largely different from its matured configura-
tion. The current practice of applying either a parcellation template or functional activa-
tion coordinates from adult studies to the pediatric populations facilitates direct comparison
between the two populations. However, such a practice may lead to potential bias against
pediatric subjects given the known organizational difference. To a certain extent, this may
be a circular problem since it is this development related reorganization that we are
studying. Fortunately, the utilization of a data-driven method such as ICA could potential-
ly alleviate this problem given that no prior ROIs are needed. However, as mentioned
previously, the choice of components reflecting functional connectivity is subjective. Thus,
quantitative comparisons of connection strength are less straightforward for ICA-based
approaches. Clearly, methodological improvements are greatly needed to solve such issues.
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But before that, developmental studies should choose different strategies according to the
specific question(s) involved and the results should be interpreted with these issues in mind.

Viewing the brain’s functional organization at the network level has been shown to be
important in brain disease studies (Greicius et al., 2004; Seeley et al., 2009). For example,
Seely et al (Seeley et al., 2009) proposed the “network degeneration hypothesis” where they
reported that neurodegeneration may be related to network-level dysfunction and suggest-
ed the need for developing new network-based diagnostic assays. Logically, the interac-
tion between different functional networks might also have significant influence on the
developmental process. Different methods aimed at directly quantifying network-level
interactions are emerging. Jafri et al (Jafri et al., 2008) described a method to calculate the
functional connectivity between networks defined by spatial ICA and examined the
differences between Schizophrenia and normal subjects. Gao et al (Gao et al., 2010) have
proposed a different method based on canonical correlation to directly quantify the mutual
dependence between two functional networks and applied it to delineate the dynamics of
network level interactions under different brain states. In the future, we expect an increas-
ing interest in both the development and application of network based analysis due to the
intrinsic organization of the brain as individual functional modules.

Finally, in most cases the infants are sleeping inside the scanner with or without sedation
in developmental investigations. The effect of sedation on resulting connectivity measure-
ment should be better addressed. Even without sedation, different stages of sleep could
also have an effect on the resulting functional connectivity measures. Therefore, studies
incorporating sleep stage monitoring (e.g., through simultaneous EEG recording) would be
beneficial to minimize experimental variability.

7. Conclusion

In this chapter, we have reviewed several results delineating the normal brain functional
development process during the first two years of life using resting state functional
connectivity. The application of fcMRI in various developmental disorders was also
discussed. The uncertainty of the physiological underpinnings of fcMRI signal, as well as
other technical issues related to its practical application are also briefly discussed point-
ing to the pressing need for improvement in future studies. The results support the notion
that the brain’s primary functional networks are in place and partially functioning
immediately after birth, but the maturation of higher order cognitive networks takes
prolonged experience based tuning during postnatal life. Moreover, dramatic evolution of
the brain’s functional topology is observed during this critical period, which greatly changes
the brain’s modular structure and distribution of hubs, as well as improves whole brain
information transfer efficiency at both local and global levels. Finally, the evidence shows
that less maturation and/or derangement of certain functional circuits might underlie
different developmental disorders.
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