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Task-related studies have consistently reported that listening to speech sounds acti-

stood how functional organization of auditory and language networks differ when
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network organization in typically developing infants could serve as an important bio-

impairment. We hypothesized that topological differences of language networks can
be characterized using functional connectivity measures in two experimental condi-
tions (1) complete silence (resting) and (2) in response to repetitive continuous speech
sounds (steady). Thirty normal-hearing infants (14 males and 16 females, age: 7.8
+ 4.8 months) were recruited in this study. Brain activity was recorded from bilateral
temporal and prefrontal regions associated with speech and language processing for
two experimental conditions: resting and steady states. Topological differences of
functional language networks were characterized using graph theoretical analysis.
The normalized global efficiency and clustering coefficient were used as measures of
functional integration and segregation, respectively. We found that overall, language
networks of infants demonstrate the economic small-world organization in both rest-
ing and steady states. Moreover, language networks exhibited significantly higher
functional integration and significantly lower functional segregation in resting state
compared to steady state. A secondary analysis that investigated developmental
effects of infants aged 6-months or below and above 6-months revealed that such
topological differences in functional integration and segregation across resting and
steady states can be reliably detected after the first 6-months of life. The higher func-
tional integration observed in resting state suggests that language networks of infants

facilitate more efficient parallel information processing across distributed language
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1 | INTRODUCTION

The auditory and language brain regions perform sensory processing
and perception tasks using a complex network of structurally and
functionally interconnected cortico-cortical neuronal connections
(Friederici, 2012; Hickok & Poeppel, 2007; Weiss-Croft &
Baldeweg, 2015). There is evidence in support of the premise that
those connections in language networks could be severely disrupted
due to complete absence or weakened auditory input in children born
with hearing impairment (Jung et al., 2017; Sharma & Cardon, 2014;
Shi et al., 2016; Wang et al., 2019). Therefore, delayed medical inter-
vention for hearing loss can have a profound effect on how children
develop speech and language. Moreover, previous studies have shown
that language networks of normal-hearing individuals also undergo a
range of spatiotemporal changes with development during early child-
hood (Aslin, 1980; Emerson et al., 2016; Gao et al., 2011; Gao
et al., 2015; Polka & Werker, 1994; Saffran et al., 1996; Werker &
Tees, 1984). Therefore, understanding the underlying principles of
functional organization of language networks is fundamental to deter-
mining the effects of hearing impairment on speech and language
development.

The field of functional connectivity has gained much attention in
the recent past due to its promise in characterizing the functional
organization of the brain using non-invasive brain imaging techniques
(Bullmore & Sporns, 2009; Fox & Greicius, 2010). To this end, func-
tional near-infrared spectroscopy (fNIRS) has been an attractive and
widely used optical functional neuroimaging technique (Ayaz
et al.,, 2022; Lu et al., 2010). fNIRS infers brain activity indirectly by
measuring hemodynamic responses due to neurovascular coupling in
terms of oxy-hemoglobin (HbO) and deoxy-hemoglobin (HbR) concen-
tration changes (Ferrari & Quaresima, 2012; Scholkmann et al., 2014).
fNIRS also offers several advantages over fMRI as it is less expensive,
portable, child-friendly, and less sensitive to motion artifacts (Pinti
et al., 2020). Compared to fMRI, having higher temporal resolution
and being a silent neuroimaging technique, fNIRS is a preferred alter-
native for studies investigating neural mechanisms of auditory and
language processing using resting state data. Moreover, resting state
fNIRS has been extensively used with infants and young children who
often have difficulty in performing task-related activities (Blanco
et al,, 2021; Bulgarelli et al., 2020; Hu et al., 2020; Paranawithana
etal.,, 2023a).

Previous fNIRS functional connectivity studies have largely used

either the approach of seed-based correlation or independent

regions in the absence of speech stimuli. Moreover, higher functional segregation in
steady state indicates that the speech information processing occurs within densely

interconnected specialized regions in the language network.

functional connectivity, functional near-infrared spectroscopy, graph network measures,
language networks, resting state, small-world topology, steady state

component analysis (Zhang, Lu, et al, 2010; Zhang, Zhang,
et al, 2010). Using such techniques, several studies have demon-
strated connectivity patterns consistent with fMRI findings in visual,
auditory, sensorimotor systems in many subject populations including
infants (Bulgarelli et al, 2018) and adults (Duan et al, 2012;
Paranawithana et al., 2022; White et al., 2009). More recently, a graph
theoretical approach has been adopted in structural and functional
neuroimaging studies (Bullmore & Bassett, 2011; Bullmore &
Sporns, 2009) to quantify and characterize topological properties of
brain networks. The application of graph network measures has
revealed that brain networks possess many interesting underlying
topological principles such as small-worldness, modularity and hub-
ness (Achard & Bullmore, 2007; Bassett & Bullmore, 2006;
Bullmore & Sporns, 2012; Niu et al., 2012; Niu et al., 2013). More
importantly, graph network analysis has proven to be useful in track-
ing connectivity changes due to typical development in childhood (Cai
et al., 2018; Liu et al., 2022) and aging (Dennis & Thompson, 2014)
and detecting alterations of connectivity patterns in neuropathological
conditions (Bassett & Bullmore, 2009; Zhang et al., 2018; Zhang
et al,, 2022).

Task-related studies have consistently reported significant activa-
tions in response to speech sounds (Dehaene-Lambertz et al., 2006;
Mao et al., 2021; Shader et al., 2021) in regions associated with lan-
guage processing such as primary auditory cortex in the temporal lobe
and inferior frontal gyrus (IFG) in the frontal lobe. Previous functional
connectivity studies have reported the presence of small-world topol-
ogy in primary and higher order brain networks of adults, young chil-
dren, and infants (Cai et al., 2018; Liu et al., 2022; Niu et al., 2012;
Oldham & Fornito, 2019). However, these studies mainly focused on
investigating large-scale resting state networks and have not consid-
ered or compared against networks derived from task-evoked activity.
Therefore, topological differences of language networks when proces-
sing speech sounds compared to resting state largely remain unclear.
Moreover, topological changes with development in the early critical
period for language development of the first 2 years of life are not
well understood (Weiss-Croft & Baldeweg, 2015; Zhang et al., 2019).

In this study, we hypothesized that topological differences of lan-
guage networks in different conditions can be characterized using
graph network measures derived from fNIRS-based functional con-
nectivity. To test the hypothesis, we conducted an experiment with
two experimental conditions namely resting and steady states on chil-
dren under 2 years of age with normal-hearing. While the resting state

was the standard silent paradigm in the absence of an overt task/
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stimulus, a repetitive speech sound was presented in a continuous
manner in steady state. fNIRS data were recorded from bilateral tem-
poral and prefrontal regions and graph network measures of global
efficiency, local efficiency, characteristic path length and clustering
coefficient were used to characterize small-world properties in resting
and steady states at group-level. Further, the normalized global effi-
ciency and clustering coefficient were used as measures of functional
integration and segregation, respectively to assess topological differ-
ences of two conditions at individual subject-level. The participants
were divided into two groups as (1) 6-months or below and (2) above
6-months to further investigate potential developmental effects of
functional organization during early childhood. The knowledge of typi-
cal functional mechanisms of language networks in normal-hearing
infants could serve as a potential biomarker to better understand
network-level dysfunction expected in infants with hearing

impairment.

2 | METHODS

21 | Participants

Thirty babies with normal-hearing (14 males and 16 females, mean
and standard deviation of age: 7.8 + 4.8 months, age range: 2-
21 months) participated in this study. Three babies were born prema-
turely (gestational age <38 weeks). None of the participants had major
complications during pregnancy or known cognitive and/or develop-
mental disorder at the time of testing. All participants were included
in the analysis considering the chronological or corrected gestational
age for full-term and pre-term babies, respectively (Table S1). All
infants had passed either a newborn hearing screening test or follow-
up diagnostic audiology assessments. Tympanometry was performed
on the day of testing with probe tone 226 Hz for babies above
6-months and 1000 Hz for infants under 6-months to ensure that par-
ticipants did not have temporary conductive hearing loss. The study
was approved by the human research ethics committee of the Royal
Children's Hospital (71941) in Melbourne. Written informed consent

was obtained from the parents before the start of the experiment.

2.2 | Experimental procedure and protocol

The experiments were conducted in a dimly lit sound attenuated
room. The parent was seated in a comfortable armchair cradling the
baby during the testing. They were given time to feed and settle
the baby and the data collection started after confirming that the
infant was in sound sleep and approximately at the same time of the
sleep cycle for all participants. The parents were instructed to limit
their body movements as much as possible to make sure infants
remained asleep throughout the experiment. The experimental proto-
col was designed with two recording phases, (1) without and (2) with
speech sound presentation. The protocol started with a standard

“resting state” recording conducted in complete silence. In contrast to

the resting state, a standard speech sound (“Baa” sound) was pre-
sented repetitively to habituate responses to a non-silence baseline in
the second phase of the protocol. This experimental condition with
repeated “Baa” sound is referred to as “steady state” in this study.

The two experimental conditions used in this study which had
either continuous silence or continuous presentation of speech
sounds are illustrated in Figure 1c. Five minutes of data were
recorded for each condition during the same experiment session for
each participant with a time gap between the two conditions. A
consonant-vowel syllable of “Baa” sound was specifically selected as
the speech stimulus in the steady state as it is a common speech
sound used in speech discrimination studies (de la Cruz-Pavia &
Gervain, 2023; Nakano et al., 2009). For more details about the ratio-
nale and development of the experimental protocol, interested
readers may refer to our previous study (Mao et al., 2021; McKay
et al., 2023). The speech stimulus was generated by a female native
Australian English speaker. The stimulus was 500 milliseconds in dura-
tion, recorded at a sampling rate of 44.1 kHz, equalized in root- mean-
square amplitude. By concatenating 600 identical speech sounds, a
continuous stimulus of 5 min was presented to the participants using
ERS insert-phones (Etymotic Research, Inc., USA) at 65 dB SPL.

2.3 | Data acquisition

The optode montage was designed in NIRSite software (NIRx Medical
Technologies, LLC, USA) using a 2-5 months-old infant brain atlas. To
ensure that optode montage coverage is within auditory and language
regions, channel coordinates were registered on a 0-2-year-old AAL
atlas using devfOLD toolbox (Fu & Richards, 2021). The source and
detector locations based on the modified combinatorial nomenclature,
MNI coordinates of channels, anatomical label of the contributing
brain region and the specificity of each channel are presented in
Table 1. Before the start of the experiment, each participant was
fitted with an appropriately sized flexible headcap (EasyCap, Brain
Products GmbH, Germany) after measuring the head circumference.
The headcap and optode positions were checked with respect to
known anatomical landmarks of the modified combinatorial nomencla-
ture. Flat tip optodes were used to reduce scalp irritation and provide
enhanced safety and comfort for infants. The source-detector pairs
were placed 2-3 cm apart (mean and standard deviation of source-
detector separation: 2.3 £ 0.2 cm).

A multi-channel continuous wave fNIRS system (NIRScout, NIRx
Medical Technologies, LLC, USA) was used to record brain activity.
This laboratory-grade fNIRS system uses light emitting diodes (LEDs),
operating at two near-infrared wavelengths (760 and 850 nm) as
sources and high sensitivity avalanche photodiodes (APDs) as detec-
tors. Eight sources and eight detectors were placed over bilateral tem-
poral and prefrontal regions covering brain regions associated with
speech and language processing as shown in Figure 1a. These two
regions of interest largely covered brain areas which are known to be
associated with speech and language processing including Wernicke's
(Brodmann's area, BA 22 and 40) and Broca's area (BA 44 and 45).
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FIGURE 1 (a) The 2D view of the optode montage. The optodes are placed on bilateral prefrontal and temporal areas forming 18 fNIRS
channels (indicated by grey straight lines). Sources (S) and detectors (D) are marked in red and blue filled circles, respectively. (b) An image of an
infant taken during the experiment showing optode positions on the headcap. (c) lllustration of the experimental protocol used in the study. Each
experimental condition (resting and steady) had 5 min of continuous recording and the first minute of data were discarded in both states. The
sensitivity profile of fNIRS probes in (d) left and (e) right hemispheres with warmer and cooler colours indicating high and low sensitivity,

respectively.

TABLE 1  fNIRS channel coordinates and contributing brain regions based on the channel registration on a 0-2-year-old AAL atlas.

ROI Ch # Source-detector MNI channel coordinates Anatomical label Specificity (%)
Left frontal 1 F3-FC3 —50, 21, 44 Frontal_Mid_2_L 78.04
2 F3-F5 —51,34,31 Frontal_Mid_2_L 65.62
3 FC5-FC3 -60, 9,35 Precentral_L 42.62
4 FC5-F5 -60, 21,21 Frontal_Inf_Tri_L 64.31
5 FC5-C5 —69, —6,20 Postcentral_L 36.02
Left temporal 6 CP5-C5 -71,-33,21 Temporal_Sup_L 58.81
7 CP5-TP7 —69,-44, 6 Temporal_Mid_L 62.22
8 T7-C5 -72,-18,3 Temporal_Sup_L 51.31
9 T7-TP7 —70,-30, —12 Temporal_Mid_L 57.89
Right frontal 10 F4-FC4 47,21,45 Frontal_Mid_2_R 81.30
11 F4-Fé6 48, 35,32 Frontal_Mid_2_R 65.67
12 FC6-FC4 58, 8,36 Frontal_Inf_Oper_R 30.38
13 FC6-F6 58, 20, 22 Frontal_Inf_Tri_R 74.80
14 FC6-C6 66, -7,20 Postcentral_R 41.59
Right temporal 15 CP6-Cé 68, —34,21 Temporal_Sup_R 31.04
16 CP6-TP8 66, —45,7 Temporal_Mid_R 79.31
17 T8-C6 69,-19,3 Temporal_Mid_R 68.28
18 T8-TP8 68, -32, -12 Temporal_Mid_R 58.77

Note: The specificity cutoff was set to 15% and the anatomical label with the highest specificity value is reported for each channel.
Abbreviations: Ch #, channel number; ROI, region of interest.

The optode montage had a total of 18 fNIRS channels and each chan- 24 | Data pre-processing

nel recorded data at a sampling rate of 15.625 Hz. The mirrored

Data pre-processing and statistical analysis were conducted in Matlab
R2022b (Mathworks Inc., USA). A combination of in-built functions

sources on left and right hemispheres were switched on at the same

time using a bilateral illumination sequence.
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and customized scripts were used in the data pre-processing stage. In-
built functions from Matlab-based open-source toolbox (NIRS Brain
AnalyzIR toolbox (Santosa et al., 2018) also known as nirs-toolbox,
version 837) were primarily used for fNIRS-specific signal conditioning
and pre-processing. fNIRS signals were recorded in raw format as light
intensity data and all the pre-processing was carried out entirely off-
line. The first step of the pre-processing pipeline was to insert dummy
event triggers at 20 second intervals. This was done to automate the
data extraction process by discarding irrelevant event tokens system-
atically and maintain a consistent workflow for all participants. Having
dummy triggers facilitated in creating data epochs and performing sig-
nal quality assessment for smaller time windows instead of consider-
ing the entire timeseries signal at once. Four-minutes of data were
considered in the analysis for each state and each participant after
discarding the data of first minute, consistent with previous fMRI/
fNIRS studies (Aarabi & Huppert, 2019; Bulgarelli et al., 2020; Homae
et al., 2010; Paranawithana et al., 2023b). The aim of discarding data
was to allow enough time for responses to return to baseline levels
and minimize transitioning effects due to the changeover in experi-
mental conditions.

fNIRS channels with poor signal quality were identified using the
following quality assessment criteria and labelled to be excluded from
further analysis. First, a quality metric was applied during the calibra-
tion stage prior to recording data to ensure the amount of light
received by the detectors is within an acceptable range. Any channel
with a gain factor of O or 8, intensity level of 0.01-0.03 or >2.5 V and
noise >7.5% was marked as “critical” by the signal acquisition soft-
ware (NIRStar, NIRx Medical Technologies, USA). The scalp coupling
index (SCI) was used as the second quality metric in the data pre-
processing stage. This metric considers the presence of cardiac signal
in fNIRS data (or lack thereof) as an indicator to measure the quality
of contact between the scalp and optodes. The timeseries signals
were bandpass filtered in the frequency band of 1.5-3 Hz to isolate
cardiac content (zero-phase IIR Butterworth filter with a filter order of
8). The SCI was defined as the correlation between signals of two
optical wavelengths in the cardiac frequency band. The quality metric
was calculated for each epoch and each channel and channels with an
epoch-averaged SCI value below 0.8 were rejected as shown in
Figure S1. Setting this threshold ensured the number of channels that
were not attributed to activity from a physiological origin remained
low (mean and standard error of the percentage of rejected channels
across participants: 4.5 + 1.4% and 6.7 £ 1.8% for resting and steady
state, respectively).

The following pre-processing steps were applied to convert raw
data into hemodynamic responses. First, raw light intensity data were
transformed to optical densities attributed to two distinct wave-
lengths. Then, motion artifact correction was performed by using two
standard techniques commonly used in fNIRS data pre-processing. To
correct for sudden shifts in signal amplitude possibly due to the dis-
placement of optodes, the temporal derivative distribution repair
(TDDR) algorithm (Fishburn et al., 2019) was applied. The algorithm
processed positive and negative derivatives separately to downweigh

outliers. A wavelet filter was then employed to correct spike-like

artifacts which could be directly related to sudden movements of the
head or residual spikes after applying the TDDR algorithm. The wave-
let filter was designed using ‘Sym8 wavelet basis function and the
outliers were defined as coefficients outside four standard deviations
from the mean. Motion artifact corrected optical densities were then
converted to HbO and HbR concentration changes using the modified
Beer-Lambert law (Delpy et al., 1988). To reduce the effect of high-
frequency systemic physiological noise such as respiration and heart-
beat and artifacts related to the very low frequency drift, we bandpass
filtered signals in 0.01-0.1 Hz frequency band. Due to the slow nature
of hemodynamic responses, we isolated low frequency oscillations
below 0.1 Hz consistent with previous fNIRS studies (Biswal
et al.,, 1995; Fox & Raichle, 2007; Lu et al., 2010). A representative
example of filtered time series signals for left temporal and right tem-

poral regions of interest are shown in Figure 2b.

2.5 | Construction of networks and graph
theoretical analysis

Many studies have used graph theory as a promising model-free
approach to characterize the topological organization of functional net-
works of the human brain (Cai et al., 2018; Zhang et al., 2018; Zhang
et al, 2022). In this study, we adopted graph theoretical measures to
quantify network-level topological differences between resting and
steady states. The nodes of the graph were defined as fNIRS measure-
ment channels, and the edges were the binarized functional connectivity
indicating the presence or absence of connections between each pair of
nodes. The graph construction and network analysis were performed in
FC-NIRS, a Matlab-based functional connectivity toolbox (Neurolmaging
Tools and Resources Collaboratory, 2023; Xu et al., 2015).

We used Pearson's correlation coefficient as the measure of func-
tional connectivity strength. First, pairwise correlations were calcu-
lated between filtered HbO timeseries signals of all possible channel
pairs, resulting in a 18 x 18 correlation matrix for each condition and
each participant. Next, binary graphs (i.e., adjacency matrices) were
constructed for each condition and each participant after thresholding
correlation matrices over the full range of positive correlations. The
channels with poor signal quality identified in the data pre-processing
stage were removed from connected graphs by replacing them with
zeros. The network analysis was restricted to only positive correla-
tions due to the ambiguity on physiological interpretation of negative
correlations (Fox et al., 2009; Weissenbacher et al., 2009). However,
the proportion of negative correlations excluded from the network
analysis was relatively low (5.6% and 7.2% of all pairwise correlations
for resting and steady state, respectively). Setting a predefined single
threshold is challenging due to the limited knowledge about the topol-
ogy of language networks, particularly true for infants and young chil-
dren. Therefore, thresholding was performed over the full correlation
range (0.01-0.99) at increments of 0.01 as suggested by previous
studies (Bullmore & Bassett, 2011; Bullmore & Sporns, 2009). Follow-
ing this standard approach minimizes spurious effects in network

topology due to the ambiguity of choosing a single threshold.
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FIGURE 2

(a) The optode montage with four distinct regions of interest namely, left frontal (LF), left temporal (LT), right frontal (RF), right

temporal (RT) and anatomical landmarks; left pre-auricular point (LPA) and right pre-auricular point (RPA). The left and right temporal regions of
interest associated with auditory and language processing are highlighted green and pink circles, respectively. (b) Group-level representative
examples of HbO timeseries signals averaged across channels in each region of interest (color-coded) for resting and steady states. (c) Group-level
association matrices (correlation maps) of resting and steady states after excluding a smaller proportion of negative correlations. (d) Correlation
distributions of two experimental conditions demonstrating higher overall connectivity strength in resting state compared to steady state.

Graph network measures can be greatly influenced by topological
factors such as the number of nodes, edges, and the degree distribu-
tion of the network (Rubinov & Sporns, 2010; Zalesky, Fornito, &
Bullmore, 2010). To compare network characteristics and establish
statistical ~significance of real brain networks (Bullmore &
Sporns, 2009; Rubinov & Sporns, 2010), we used networks with a ran-
dom topology as null-hypothesis models. Real brain networks were
compared against 1000 matched random null networks maintaining
the same number of nodes, edges, and degree distribution as the real
network. Four graph network measures were used to characterize the
topological organization and differences in functional properties
between resting and steady states of language networks. Those are
characteristic path length (L,), global efficiency (Eg), clustering coeffi-
cient (Cp), and local efficiency (Eoc) of the network. Characteristic path
length and global efficiency were used as measures of functional inte-
gration while functional segregation was measured using clustering
coefficient and local efficiency (Bullmore & Sporns, 2012; Rubinov &
Sporns, 2010). The characteristic path length is defined as the average
shortest path length of a network. It can be computed as:

1
b= =T 3 d; 1)

i#jcG

where dj is the shortest path length between node i and node j, N is
the number of nodes of a network represented by graph G. The clus-

tering coefficient reflects the ability of the network to cluster together

in subgraphs with higher clustering implying greater segregation. The

clustering coefficient can be expressed as:
1 Gi

Cor=—y —— 2

P N;k;(k;fl)/Z 2)

where G; is the subgraph of neighbors of node i and k; denotes the
number of neighbors of node i. To evaluate the information exchange
capacity across nodes of the network, network efficiency can be com-
puted at global and local levels. The global efficiency is defined as the
average inverse shortest path length and the local efficiency of a net-
work can be represented as the global efficiency of the subgraph com-
posed of the nearest neighbours to node i. These measures can be

calculated as:

1

1
Eg:m;g;c(dii) . 3)
1 R
Etoc :NZEg(') (4)
ieG

where Eg(i) refers to the global efficiency of G;.

To further explore small-world properties of the networks, nor-
malized network measures were calculated by considering the ratios
between real and random networks for each condition. A small-world
network is characterized as a network having much greater clustering

coefficient and similar average shortest path length compared to a
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random network. This can be mathematically represented as y>>1

and A~ 1, where y = C{fa'/qf”d and 1= L;ea'/L;f‘"d. Similarly, normalized

real / Erand

loc loc and

metrics for efficiencies were computed as yp=E
AE:E;ea'/E;a"d where y; and A¢ are normalized local and global effi-
ciency, respectively. All network measures considered were important
in explaining the characteristics of small-world topology for the whole
correlation range. However, due to the redundancy of information,
we only considered the normalized global efficiency and clustering
coefficient as representative measures of functional integration and
segregation, respectively for further statistical analysis. The mean of
each normalized network measure over the full range of correlations
was used as a threshold-independent scalar for statistical comparisons
of functional differences. The statistical analysis was conducted using
one-sided paired Wilcoxon signed rank test to determine if there were
significant differences in functional integration and segregation of lan-
guage networks across two experimental conditions. For all statistical
tests, we used the significance level of 0.05 for falsely rejecting the
null hypothesis.

To identify which functional connections differ in connectivity
strengths between two experimental conditions, we conducted both
qualitative and quantitative analysis. First, a qualitative analysis was
performed using BrainNet Viewer (Xia et al., 2013) by visualizing the
weighted and undirected connectivity maps for resting and steady
states separately. Group-level connectivity matrices were generated
by averaging correlations over threshold bins (0.01-0.99) for each
participant and then across participants. A correlation cutoff of 0.5
was used to retain the suprathreshold weights and exclude weak
and/or spurious connections. The choice of threshold cutoff was
based on the observations in Section 3.1 where expected features of
small-world topology were more prominent after the correlation
threshold of 0.5.

We used network-based statistics (NBS) toolbox (Zalesky, For-
nito, Harding, et al., 2010) to quantitatively examine differences in
functional connectivity strengths between resting and steady states.
The NBS was designed to identify effects in the topological space by
comparing connectivity strengths across conditions using a mass uni-
variate testing model at the edge level. In our study, a paired t-test
was used to determine pairwise differences of connectivity strengths
between resting and steady states. The statistical significance was
established by running 5000 permutations and setting the familywise
error rate at 0.05. The randomization of connections in the permuta-
tion test was constrained to the repeated measures of the same sub-
ject. A test statistic threshold of 2.1 was used for each pairwise
association to select a set of supra-threshold connections. The size of
the connected graph component was measured using intensity (mass)
similar to the supra-threshold voxel clustering explained in a previous
study (Bullmore et al., 1999).

In a secondary analysis, the participants were separated into two
groups based on age to investigate developmental effects in func-
tional integration and segregation of language networks between rest-
ing and steady state conditions. Each group had fifteen participants
with the following subject demographics: (1) 6-months or below

(7 males and 8 females, mean and standard deviation of age: 4.1

+ 1.4 months) and (2) above 6-months (7 males and 8 females, mean
and standard deviation of age: 11.6 + 3.9 months). The grouping of
participants was motivated by perceptual milestones of language
development reported in previous studies (Aslin, 1980; Saffran
et al,, 1996; Werker, 2024; Werker & Tees, 1984). Those studies have
shown that the reorganization from language-general to language-
specific phonetic discrimination mostly occurs in the second half of
the first year and infants begin to specialize in the sounds of their
native language between 6 and 12 months of age (Polka &
Werker, 1994). The same analytical framework described in the previ-
ous section was applied for the secondary analysis.

3 | RESULTS

3.1 | Functional language networks demonstrate
economic small-world properties in both resting and
steady states

Economic small-world property is an attractive feature for language
networks because this topology enables networks to process informa-
tion in a highly modularized and distributed manner simultaneously.
We assumed that language networks of infants which are a subset of
whole brain networks would show an economic small-world organiza-
tion. To test the hypothesis that language networks of infants demon-
strate economic small-world properties in both resting and steady
states, we computed graph network measures as a function of corre-
lation for two experimental conditions separately. The profiles of par-
ticipant averaged small-world parameters (clustering coefficient and
characteristic path length) and network efficiencies (local efficiency
and global efficiency) as a function of correlations for resting and
steady state conditions are shown in Figure 3a-d. As expected, the
clustering coefficient monotonically decreased while characteristic
path length monotonically increased with the correlation threshold for
both real and random networks of resting and steady state conditions.
It can be observed that networks have smaller clustering coefficients
and longer path lengths at higher correlation thresholds due to the
retention of supra-thresholded connections. As thresholds increase,
networks become sparser and more heterogeneous, shifting towards
a more complex architecture demonstrating small world properties.
The curves of clustering coefficients for random networks were
consistently below those of the real networks whereas characteristic
path lengths of real and random networks had similar trajectories in
both resting and steady states. Both global and local efficiency mea-
sures of real networks and matched random networks decreased as
the correlation threshold increased for resting state. A similar pattern
was observed for steady state indicating higher network efficiency for
lower cost. However, the local efficiency of real networks was higher
than the matched random networks for the whole range of correlation
thresholds. In contrast, we observed that the global efficiency of real
networks was lower than the equivalent random networks for low to
medium cost. Nevertheless, the global efficiency of real networks was

numerically similar compared to that of random networks.
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FIGURE 3 The small-world
properties and efficiency
characteristics for functional
networks constructed from HbO
signals of resting and steady states.
Participant-averaged network
measures of (a) clustering coefficient
(Cp), (b) characteristic path length (L),
(c) global efficiency (Eg) and (d) local
efficiency (Ejoc) are shown as a
function of correlation thresholds for
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resting and steady states and real
networks (solid lines) as well as 1000
matched random null networks
(dotted lines). Normalized (e) small-
world properties and (f) global and
local efficiencies for both
experimental conditions demonstrate
typical features of small-world
topology (y>>1 and 1~ 1). The
dashed vertical line in each panel
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Correlation

The normalized small-world properties and network efficiencies
as a function of correlation are shown in Figure 3e and Figure 3f,
respectively. For both resting and steady states, the normalized clus-
tering coefficients (yesting aNd 7steady) Were observed to be much
greater than 1 while normalized characteristic path lengths (Aresting and
Asteady) Were closer to 1, prominently for higher correlation thresholds,
demonstrating the properties of small-world organization. The normal-
ized local and global efficiency profiles of resting and steady states
demonstrated similar patterns with local efficiency (y resting and 7 steady)
higher than 1 and global efficiency (Ag resting and Agsteady) Closer to 1.

A comparison of normalized metrics from a cross-sectional repre-
sentative example of heterogenous network (thresholded at 0.8) is
reported in Table 2. Based on this representative example, we can
observe that the normalized clustering coefficient of steady state net-
works is higher than that of the resting state networks. However, the
resting state networks exhibited a higher normalized global efficiency
compared to steady state. Overall, the results demonstrated greater
functional segregation and comparable functional integration in real

networks with respect to a set of matched random networks

Correlation

TABLE 2 Normalized network measures of a representative
example network thresholded at a higher correlation cutoff of 0.8,
yielding a heterogenous complex network architecture.

Normalized metric Resting Steady

Clustering coefficient (y) 3.66 +0.77 4.11 +£0.58
Characteristic path length (\) 1.26 + 0.05 1.34 £ 0.07
Local efficiency (yg) 3.63+0.79 4.19 +£0.62
Global efficiency (1g) 0.82 +0.03 0.80 + 0.04

Note: The results are represented as mean * 1 SE of the mean of each
metric for two experimental conditions.

exhibiting typical features of economic small-world topology. These
observations at group-level suggested that language networks main-
tain distributed and localized information processing capabilities in
both experimental conditions. These findings are consistent with pre-
vious fMRI resting state studies that showed the presence of small-
world organization in brain networks in early childhood (Gao
etal., 2011; Zhang et al., 2019).
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3.2 | Language networks of infants exhibit
differences in functional topology across resting and
steady states

To further examine the differences in functional topology at the indi-
vidual subject-level, we used normalized global efficiency and cluster-
ing coefficient which are measures of functional integration and
segregation, respectively. Non-parametric one-sided paired-sample
statistical tests were conducted for each metric separately to test
paired differences across resting and steady states. We hypothesized
that the language network would be more functionally integrated in
resting state compared to steady state. This is due to the need for
more distributed information processing in resting state in the
absence of external speech stimuli as opposed to steady state. Con-
trarily, a higher functional segregation was expected in steady state
compared to resting state based on the assumption that more func-
tionally specialized clusters within the language network would be
required to process repetitive speech sounds.

Two normalized graph network measures (global efficiency and
clustering coefficient) averaged over the entire correlation sequence
were used as representative metrics of functional organization as
shown in Figure 4. Using the mean of normalized parameters for each
participant, we aimed to characterize functional differences of real
brain networks relative to a group of matched random graphs at the
individual subject-level. While the normalized global efficiency of both
conditions was close to 1 (resting mean: 0.95; steady mean: 0.93), we
can observe that both mean and median across participants were
higher in resting compared to steady state. A paired Wilcoxon signed-
rank test confirmed that global efficiency is significantly higher in rest-
ing state compared to steady state (Z = 1.83, p = 0.03). This result
indicates that greater functional integration is present in resting state
than steady state, possibly to facilitate distributed information
processing.

The normalized clustering coefficient of resting and steady state
conditions demonstrated an inverse pattern. As expected, the normal-
ized clustering coefficient was >1 on average for both conditions
(mean resting: 1.57; mean steady: 1.89). The statistical test revealed

that the normalized clustering coefficient of resting state is

FIGURE 4 Violin plots of (@ 1
(a) normalized global efficiency and

(b) clustering coefficient averaged over
the entire correlation sequence as
threshold-independent measures of
functional integration and segregation,
respectively. Each circle represents an

o
©
a

0.9 1
individual participant of resting state in
red and steady state in blue. Horizontal
bold lines indicate group mean and white 0.85 1

filled circles denote median of each
network metric. Non-parametric
statistical tests were conducted using 0.8

Normalized global efficiency (\¢)

significantly lower than that of steady state (Z= —1.87, p = 0.03).
Since a higher clustering coefficient implies greater functional segre-
gation, the results suggested that language networks of infants are
more functionally localized when processing speech sounds in steady
state compared to resting state. Taken together, the findings highlight
the important fact that language networks exhibit differences in func-
tional organization in response to silence versus continuous auditory

stimuli presented as repetitive speech sounds.

3.3 | Inter-hemispheric and left intra-hemispheric
long-distance connections are stronger in resting state
than steady state

From group-level correlation distributions, we observed that the con-
nection strength is generally higher in resting state compared to
steady state. The qualitative results from BrainNet Viewer suggested
that the resting state connections are stronger, and the network is
denser compared to steady state as shown in Figure 5a-b. This was a
prominent observation for both long-range inter-hemispheric and
long-range intra-hemispheric connections of the language network.
The inter-hemispheric connections in resting state were more evenly
distributed for both frontal and temporal homologous regions. How-
ever, relatively fewer inter-hemispheric homologous connections
between temporal regions were observed in steady state. Interest-
ingly, while intra-hemispheric long-distance connections in the right
hemisphere were similar in two conditions, we observed an increase
in the number of connections between left frontal and left temporal
regions in resting state than steady state. These qualitative results are
consistent with the results obtained from graph network analysis,
indicating efficient information processing across distributed language
regions with greater functional integration in resting state compared
to steady state.

In the quantitative analysis conducted using NBS toolbox, we
hypothesized that the connectivity strengths of resting state connec-
tions are higher compared to those of steady state. The subnetwork
shown in Figure 5c represents links which are significantly stronger in

resting state than steady state based on NBS results. Consistent with

M T

Normalized clustering coefficient

one-sided paired Wilcoxon signed-rank Resting
test and the notation * indicates p < 0.05.

Steady Resting Steady

State State
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qualitative results, long-distance inter-hemispheric links in both fron-
tal and temporal brain areas and intra-hemispheric long-range connec-
tions between left frontal and left temporal regions demonstrated
significantly higher connectivity strengths in resting state than steady
state (lowest p value: 0.0058). No significant effect was found for
connections within the right hemisphere between frontal and tem-
poral areas as shown in Figure 5c. Out of 12 nodes associated with a
significant effect (marked as black filled circles), eight were in the left
hemisphere while the remaining four were in the right hemisphere.
The NBS results further revealed that 10 edges (out of a total of
21 significant edges) were in the left hemisphere with an over-
whelming majority being long-range connections between left fron-
tal and left temporal regions, exhibiting a strong leftward asymmetry
in the resting state condition. Overall, we could observe a strong
alignment between qualitative and quantitative results in terms of
general patterns of connectivity differences between resting and

steady states.

FIGURE 5 Group-level weighted connectivity
R maps after retaining supra-thresholded weights

with a correlation cutoff of 0.5 in (a) resting and
} /-%m’\,, (b) steady states. The connections from lateral and
g e N . . . .
N medial views are shown on the left and right side

) of the panel for each hemisphere and the dorsal
N view is displayed in the centre of each panel.

(c) Visualization of functional links with
significantly higher connectivity strength in resting

¢ state than steady state. The results were obtained
a4 from NBS toolbox (Zalesky, Fornito, Harding,
- = ) et al,, 2010).

34 |
segregation across resting and steady states emerge

after the first 6-months of life

Differences of functional integration and

Despite that many task-related studies have provided the evidence of
rapid maturation of language networks due to the exposure of novel
auditory input in early childhood, age-related differences from a func-
tional connectivity standpoint are not fully understood. We hypothe-
sized that developmental effects of language networks could be
identified by assessing functional differences across experimental
conditions (resting and steady) in two subgroups of participants aged
(1) 6-months or below and (2) above 6-months. To test this hypothe-
sis, we used the same analytical framework described in Section 2.5
with normalized global efficiency and clustering coefficient as a mea-
sure of functional integration and segregation, respectively. By using
the means of normalized network parameters as threshold-agnostic

scalars, we aimed to not only minimize the effect of spurious and
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FIGURE 6 Violin plots of normalized mean (@) 1 (b) 4
global efficiency (measure of functional 2
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weak connections but also reduce the dependence of study conclu-
sions on the selection choice of a single threshold.

The general trends observed in normalized global efficiency and
clustering coefficient including all participants remained the same for
both 6-months or below and above 6-months age groups when inves-
tigated separately. Higher normalized global efficiency was observed
on average in resting state compared to steady state for both age
groups (Figure 6). The normalized metrics represent the factor of
change of measures in real network relative to matched random net-
works. A value much smaller than one in global efficiency indicates
that the network topology of real networks deviates further away
from random networks but closer towards regular networks, which
have high clustering coefficients and long average path lengths, as
observed in steady state. While multiple dynamics were observed in
the group of infants aged 6-months or below, a large majority of sub-
jects (12 out of 15 or 80%) above 6-months showed a decrease in
normalized global efficiency from resting to steady state (Figure S2).
From the statistical analysis, no significant effect was found for youn-
ger cohort of 6-months or below (Z = 0.37, p = 0.36) while paired
Wilcoxon signed rank test yielded a significantly higher global effi-
ciency in resting state than steady state for infants above 6-months of
age (Z = 2.19, p = 0.01). The participant-averaged normalized cluster-
ing coefficient was lower in resting state compared to steady state for
both age groups, consistent with our findings reported in Section 3.2.
A normalized clustering coefficient much higher than one reflects
properties of greater deviation from comparable random networks.
We have observed this phenomenon indicating the topology of real
networks is more intermediate between regular and random networks

in steady state compared to resting state.

Similar to the previous case, a large proportion of infants above
6-months of age exhibited higher normalized clustering coefficient in
steady state than resting state (11 out of 15 or 73%) as shown
in Figure S3. A Wilcoxon signed rank test was performed to test paired
differences in median of normalized clustering coefficients across resting
and steady states for two age groups separately. The statistical results
revealed a significantly lower normalized clustering coefficient in resting
than steady state in the older cohort of infants above 6-months
(Z=-2.02, p=0.02), but not for infants aged 6-months or below
(Z = —0.60, p = 0.28). These results suggest that there is no detectable
topological difference in language networks of younger infants in terms
of functional integration and segregation for experimental conditions of
resting and steady state. However, topological differences which sup-
port information processing across distributed language regions and
speech sound processing within local clusters tends to appear in infants
above 6-months of age. This could be because language networks main-
tain a delicate balance between global integration and local segregation
during early infancy. However, as infants get exposed to novel auditory
input and develop speech and language skills, language networks exhibit

more distinct features in functional topology.

4 | DISCUSSION

4.1 | Small-world topology of language networks
in infants

Following the discovery of small world topology of brain networks in
animal studies, both structural and functional neuroimaging studies
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with humans have also shown that similar properties exist in human
brains (Bassett & Bullmore, 2017; Bullmore & Sporns, 2009). Recent
advances in high precision tract-tracing studies and computational
modelling have provided evidence in support of this hypothesis dem-
onstrating functionally important properties of near-random path
lengths and non-random clustering (Bassett & Bullmore, 2017;
Bullmore & Bassett, 2011; Bullmore & Sporns, 2012). However, most
previous studies have focused on studying the economic small-world
properties of brain networks using resting state functional neuroim-
aging data of adults (Niu et al, 2012), young children (Cai
et al., 2018) and infants (Gao et al., 2011; Liu et al., 2022; Zhang
et al., 2019). There has been no attempt to directly investigate the
small-worldness of language networks in infants under different
experimental conditions to the best of our knowledge. In this study,
we demonstrated that language networks of babies below 2 years of
age have economic properties of small world in both resting and
steady states. The results support our hypothesis that language net-
works of infants can process information in a parallel and distributed
manner at a low wiring cost. The small-world topology is an attrac-
tive network model for language networks as it is economical in
terms of maximizing the information processing efficiency while min-
imizing wiring costs, supporting the idea of concurrent integrated
and segregated information processing.

From an evolutionary point of view, it has been argued that the
small-world topology is an economically viable architecture for brain
networks (Achard & Bullmore, 2007). It is likely that brain networks
have been competitively selected in such a way to minimize the cost
of wiring while maximizing the efficiency of information processing.
These economical properties are achieved by highly clustered short-
range connections and a few selected long-range links which facilitate
distributed information processing. While a network with small-world
topology is more efficient in terms of information processing com-
pared to a random network, it is also more resilient against random
errors and targeted attacks than a regular network (Bassett &
Bullmore, 2006; Bullmore & Sporns, 2009; Rubinov & Sporns, 2010),
usually indicating the robustness of the network to adapt and reorga-
nize in response to a selectively damaging or disruptive event. These
observations collectively suggest that brain networks might have
adopted small-world properties due to the selection pressure of brain
evolution to achieve the best of both regular and random networks
and increased flexibility and adaptability for complex and dynamic
behaviours.

4.2 | Methodological motivations of graph
network measures

The characteristic path length and global efficiency are two metrics
commonly used to measure functional integration. It is understood
that these two metrics convey very similar information as they are
inversely related. However, path length provides insights on serial

information transfer capacity of the network while global efficiency

measures parallel information transfer through a series of multiple
edges (Achard & Bullmore, 2007; Rubinov & Sporns, 2010). This
implies that the characteristic path length is primarily driven by longer
paths and global efficiency is influenced more by shorter paths. Fur-
thermore, the average shortest path length was first defined for fully
connected graphs meaning that all nodes are connected to a large
cluster or subgraph. However, it is common to expect some nodes to
be disconnected from main clusters when applying high threshold cut-
offs to isolate the strongest connections. In this case, the path length
between the disconnected region and other nodes becomes infinite
(illustrative theoretical extreme) but due to the inverse relationship,
the contribution of this to the global efficiency of the network will be
zero. Therefore, using global efficiency as a measure of functional
integration not only simplifies the numerical calculations in network
analysis but also makes the information flow of the network more
interpretable, especially for graphs with disconnected regions.

The clustering coefficient is a measure of functional segregation
which indicates the extent of clustered connectivity around individual
regions. While mean clustering coefficient is a common metric used in
many studies, it could be disproportionately affected by nodes with a
lower degree due to the normalization process (Rubinov &
Sporns, 2010). On the other hand, more advanced measures of func-
tional segregation can find the exact size of a cluster rather than sim-
ply detecting the presence (or lack thereof) of a cluster. These
methods often rely on optimization algorithms to identify optimal
modular structures, hence highly computationally intensive. In this
study, we chose global efficiency and clustering coefficient as mea-
sures of functional integration and segregation, respectively due to
their simplicity, interpretability and fair trade-off between computa-
tional speed and accuracy.

It should be noted that while small-world topology is an interest-
ing and heavily adopted concept in network neuroscience, it does not
provide us with meaningful information about the physical layout of
nodes and edges embedded in anatomical space (Bassett &
Bullmore, 2017). Therefore, it is important to integrate the topology
of small-worldness with anatomical information. It has been shown
that network metrics such as characteristic path length and clustering
coefficient have a strong relationship with the anatomy of the brain
(Achard & Bullmore, 2007). For instance, edges in a cluster of nodes
have shorter distances whereas edges that traverse longer distances
tend to span across distributed regions. While physical distances
between nodes (lengths of axonal tracts) are usually not very well-
known, Euclidean distance between nodes can be used as a proxy for
wiring cost. The optode montage used in our study covered only a
narrow area related to auditory and language processing. Although
the exact brain regions could not be determined, channel registration
information shown in Table 1 indicates that nodes are embedded in
the expected anatomical space with reasonably high specificity. How-
ever, in the future, brain imaging studies with the integration of more
accurate spatial information could enhance our understanding of how
structural constraints influence the topological organization of func-

tional networks.
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4.3 | Effects of thresholding

During network construction stage, thresholding is a common practice
to derive an adjacency matrix from the association matrix. The reason
for thresholding is usually to minimize the effect of confounding
effects such as spurious correlations due to systematic noise and/or
weak functional connections (Bullmore & Bassett, 2011; Bullmore &
Sporns, 2009). Since the threshold has a direct influence on the spar-
sity/density of the resultant network, even having the same threshold
could lead to different network topologies in different groups and
confound between-group comparisons in most studies. Some studies
have adopted analysis techniques that do not strictly require thresh-
olding as a preliminary processing step. For example, principal compo-
nent analysis can be applied to wavelet correlation matrices to
generate frequency-specific eigen images (Achard & Bullmore, 2007).
The problem of arbitrariness of setting a single threshold can be tack-
led to a certain extent by computing network metrics over a broad
range of plausible thresholds. In this study, we were interested in
investigating within-subject topological differences between two
experimental conditions, hence we opted to compute network metrics
as a function of all positive correlation thresholds. We aimed to assess
differences in absolute network organization between resting and
steady states while excluding negative correlations for which interpre-
tation is currently controversial and not straightforward (Fox
et al., 2009; Weissenbacher et al., 2009). These limitations call for fur-
ther research on developing objective methods for threshold selection
and investigating the effect of negative correlations on network

properties.

4.4 | Binary versus weighted graphs

Another key consideration in graph network analysis is whether to
use binary or weighted version of graphs. For networks that are
embedded in physical space such as brain networks, measures of ana-
tomical distance between nodes are suitable as weighting factors to
construct weighted graphs (Achard & Bullmore, 2007). However, as
the exact axonal lengths between different brain regions are hard to
predetermine, the use of functional distances is an alternative for
weighting matrix. Many previous studies have primarily focused on
using binary graphs in most cases due to the simplicity in defining null
network models, clarity in the definition of network metrics and lower
computational complexity (Bassett & Bullmore, 2017). It is important
to note that binary graphs may fail to pick up subtle differences in
network organization. The weighted approach could be particularly
more useful and powerful when the networks are denser and sensitive
to subtle differences. In our study, a supplementary analysis using
weighted graphs revealed that the main findings are consistent with
those generated from binary graphs. Functional language networks
from weighted graphs exhibited economic small-world properties in
both resting and steady states as shown in Figure S4 in the supple-
mentary materials. We observed numerically higher functional inte-

gration in resting state compared to steady state and numerically

lower functional segregation in resting state than steady state. How-
ever, the results of this analysis did not reach statistical significance
(Figure S5). In this study, we adopted simpler binary approach as the
primary analysis as we mainly focused on language areas of the brain.
Due to this narrow region of interest, our analysis produced sparser
networks which are less sensitive to subtle changes compared to

brain-wide large-scale networks.

45 | Limitations

Although the chosen sample is a reasonable representation of the
cross-sectional population we intended to study, graph network mea-
sures of some participants showed considerable variability likely due
to individual differences in brain language development and residual
physiological and/or measurement noise. We recognize that a longitu-
dinal dataset with bigger sample size would account for such individ-
ual variability, improve the statistical power of the study, and provide
stronger insights into the evolution of language network topology
during early sensitive period of language development.

Following parents' reports indicating no concerns of develop-
ment, a small proportion of pre-term infants (3 out of 30) were
included in the analysis with the corrected gestational age. However,
previous studies have found delayed development in primary somato-
sensory system in pre-term infants even after correcting for age
(de Oliveira et al., 2019; Machado et al., 2023). As underlying reasons
are not entirely clear, similar deviations may be extended to even
higher order networks such as language. Therefore, exclusion of pre-
term infants is advisable in future studies when such unaccounted
effects cannot be adequately explained.

We note that averaging network metrics over the full range of
positive correlations may have reduced the sensitivity of detecting
differences between conditions and resulted in limited interpretation.
At low thresholds, networks become artificially denser due to small
signal fluctuations, thus their degree distribution resembles a random
network. As thresholds increase, networks become sparser and more
heterogeneous, shifting the network towards a more complex archi-
tecture demonstrating small world properties. While results with our
approach indicate expected differences between the two conditions,
it is worth exploring different ways of selecting an appropriate thresh-

old range to extract distinctions between conditions more effectively.

5 | CONCLUSION

In this study, we compared topological differences of language net-
works between resting condition and in response to continuous repet-
itive speech sounds in children aged below 2 years using functional
connectivity-based graph network measures. By comparing group-
level graph network measures of real networks with respect to
matched random networks, we found that functional networks of lan-
guage demonstrate properties of economic small-world organization

in both resting and steady states. From within-subject pairwise
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comparisons across two experimental conditions, the results indicated
that infants have more functionally integrated networks in resting
state compared to steady state to potentially facilitate efficient infor-
mation transfer across distributed language regions. Language net-
works in steady state are more functionally segregated, likely allowing
information processing to occur within densely interconnected
regions highly specialized for speech processing. Finally, the findings
from secondary analysis that investigated developmental effects sug-
gested that topological differences in functional integration and segre-
gation can be reliably detected after the first 6-months of life.
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