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ARTICLE INFO ABSTRACT

Keywords: Studies of cortical function in newborn infants in clinical settings are extremely challenging to undertake with
High-density diffuse optical tomography traditional neuroimaging approaches. Partly in response to this challenge, functional near-infrared spectroscopy
HD-DOT

(fNIRS) has become an increasingly common clinical research tool but has significant limitations including a low
spatial resolution and poor depth specificity. Moreover, the bulky optical fibres required in traditional fNIRS
approaches present significant mechanical challenges, particularly for the study of vulnerable newborn infants.
A new generation of wearable, modular, high-density diffuse optical tomography (HD-DOT) technologies has
recently emerged that overcomes many of the limitations of traditional, fibre-based and low-density fNIRS mea-
surements. Driven by the development of this new technology, we have undertaken the first cot-side study of
newborn infants using wearable HD-DOT in a clinical setting. We use this technology to study functional brain
connectivity (FC) in newborn infants during sleep and assess the effect of neonatal sleep states, active sleep (AS)
and quiet sleep (QS), on resting state FC. Our results demonstrate that it is now possible to obtain high-quality
functional images of the neonatal brain in the clinical setting with few constraints. Our results also suggest that
sleep states differentially affect FC in the neonatal brain, consistent with prior reports.

Cot-side neuroimaging

Newborn neuroimaging

Resting state functional connectivity
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1. Introduction and require prolonged durations away from clinical units. fMRI also re-

quires subjects to remain motionless for the duration of the recording,

The investigation of resting state functional connectivity (RSFC) in
newborn infants has significantly enriched our understanding of the
intrinsic functional architecture of the developing brain. RSFC is in-
ferred from the synchronized activity of different brain regions at rest,
such that regions exhibiting higher temporal synchronization can de-
fine RSFC networks (Damoiseaux et al., 2006; Fransson et al., 2007).
Among the many neuroimaging techniques, functional magnetic reso-
nance imaging (fMRI) is typically used in these studies. In this, fMRI is
sensitive to the blood-oxygen-level-dependent (BOLD) signal, which is
associated with changes in concentration of deoxygenated haemoglobin
and thus is a proxy for neuronal activity.

While fMRI offers many advantages, it is poorly suited for newborn
infants in clinical settings. fMRI studies cannot be performed cot-side

such that infants often need to be sedated (Arthurs et al., 2012). Seda-
tion has also been shown to impact functional hyperaemia (Slupe and
Kirsch, 2018). These conditions significantly limit the number and types
of studies that can be performed in newborn infants, particularly for
those that are vulnerable.

One area of growing interest in newborn functional brain imaging
research is the impact of sleep on the developing brain. The emer-
gence of sleep, sleep wake cycling, and sleep states in early life coin-
cides with the emergence of functional networks in the brain. In new-
born infants (neonates), sleep is typically divided into two states: active
sleep (AS) and quiet sleep (QS). Electroencephalography (EEG) stud-
ies have found that these states demonstrate distinct functional con-
nectivity (FC) network dynamics (Tokariev et al., 2019; Wielek et al.,
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2019; Tokariev et al., 2016). Furthermore, abnormalities in sleep state
dynamics and sleep wake cycling during the neonatal period are as-
sociated with altered neurodevelopmental outcomes in older infants
(Shellhaas et al., 2017) and children (Stangenes et al., 2017). While EEG
is highly applicable in clinical settings and can allow for long recordings,
EEG is limited to cortical electrical activity, and cannot provide infor-
mation on the haemodynamic changes that fMRI is sensitive to. EEG
also has relatively poor spatial resolution, (Burle et al., 2015) and thus
is limited in its capabilities to extract features of functional networks.

Functional near-infrared spectroscopy (fNIRS) surmounts many of
these challenges by allowing for studies of cortical haemodynamic
brain activity in a manner analogous to fMRI, but outside of the tra-
ditional brain imaging environment (Pinti et al., 2020). The standard
fNIRS method uses arrays of optodes (sources and detectors of near-
infrared light), sparsely distributed over the scalp to provide measures
of haemodynamics in the underlying tissues. When compared with fMRI,
fNIRS demonstrates higher temporal resolution, and has the advan-
tage of being able to determine changes in the concentrations of both
oxy- and deoxy-haemoglobin. However, the spatial resolution of typical
fNIRS systems is on the order of 3 cm, significantly lower than fMRI
(Scholkmann et al., 2014). Furthermore, the depth sensitivity of fNIRS
is limited to the superficial cortex, (Quaresima et al., 2012) and typical
arrangements of sources and detectors achieve little (if any) depth infor-
mation, meaning changes in haemoglobin concentrations in the brain
can be difficult to distinguish from those in the extracerebral tissues
(Gagnon et al., 2012; Funane et al., 2014). Prior fNIRS studies investigat-
ing RSFC in newborn infants have demonstrated regional dependency
and dynamic changes in interhemispheric FC within the first six months
of life, (Homae et al., 2010) as well as altered FC patterns in preterm
born neonates at term age (Fuchino et al., 2013; Naoi et al., 2013). A
prior study used EEG-informed fNIRS analysis to assess FC across AS and
QS in healthy newborns (Lee et al., 2020). However, this study had only
a relatively small number of light sources and detectors available, which
limited both the proportion of the cortex that could be interrogated and
the spatial resolution of the resulting maps of underlying FC.

Diffuse optical tomography (DOT) is an evolution of fNIRS that per-
mits the production of three-dimensional images of the optical proper-
ties of a target object (White and Culver, 2010). Measurements with a
range of source-detector separations (known as channels) and spatially-
overlapping sensitivity distributions are essential to DOT approaches
(White and Culver, 2010). This necessitates detector technology with a
very high dynamic range, and denser arrangements of source and detec-
tor optodes than are possible with standard fNIRS devices. In neonatal
brain research in clinical settings, DOT studies have revealed RSFC net-
works in the visual cortex, (White et al., 2012). RSFC networks in the
auditory cortex, (Ferradal et al., 2016) high-amplitude, biphasic pat-
tern of changes concurrent with electrographic seizures, (Singh et al.,
2014) and changes in interhemispheric FC following perinatal stroke
(Chalia et al., 2019)

The concept of high-density diffuse optical tomography (HD-DOT)
takes this concept one step further. In HD-DOT, an array of sources
and detectors is employed that is dense enough to provide a contin-
uous distribution of both short source-detector separation (~10 mm)
channels and longer separation channels (spanning the 10-40 mm
range) (White and Culver, 2010). This approach has been shown to sig-
nificantly improve the disentanglement of extracerebral and cerebral
haemodynamics in adults, (Funane et al., 2014) and has the capacity
to yield cortical activation maps that approach the resolution of fMRI
(Eggebrecht et al., 2014). Only one previous study has employed HD-
DOT to study newborn infants in clinical settings (Liao et al., 2012).
However, the technology used in that study, like most HD-DOT sys-
tems, required a large numbers of optical fibre bundles, compounding
the mechanical challenge associated with studying newborn infant pop-
ulations.

Recently, our group demonstrated a new generation of wearable HD-
DOT systems. These modular, lightweight technologies allow for wide
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cortical coverage without sacrificing wearability, allowing for functional
brain mapping to be undertaken outside of the traditional brain imaging
environment (Vidal-Rosas et al., 2021). We have demonstrated the fea-
sibility of using wearable HD-DOT approaches for retinotopic mapping
of the adult visual cortex (Vidal-Rosas et al., 2021) and social stimuli
response mapping in the infant (Frijia et al., 2021)

In the present study, we aimed to demonstrate that wearable HD-
DOT can be adapted for use in newborn infants in clinical settings for
cot-side studies of functional brain activity. As a secondary aim, we
sought to demonstrate that this technology could be used to study fea-
tures of FC during sleep and between neonatal sleep states.

2. Methods
2.1. Subjects

Healthy term-age neonates (born at > 37 weeks of gestation) were
recruited from the postnatal ward of The Rosie Hospital (Cambridge Uni-
versity Hospitals NHS Foundation Trust). This study was approved by
the National Research Ethics Service Committee East of England (REC
reference 15/1.0/0358), and written informed consent was obtained
from parents for neonates to participate. A total of 45 neonates were
recruited. Datasets from 17 neonates were excluded during data pro-
cessing due to insufficient duration of motion artifact-free data segments
(described below) for subsequent FC analysis. HD-DOT data was anal-
ysed from the remaining 28 subjects (mean gestational age = 40 + 0
weeks (range: 38+2 — 42+1); mean weight at birth = 3522 g (range:
2890 - 4205 g); mean age at time of study = 3 days (range: 1-11 days).
Demographic details of the subjects are summarized in Table 1.

2.2. Data collection

Cot-side data recording was performed on 45 neonates on the post-
natal ward of The Rosie Hospital. To promote sleep, a feed and wrap
approach was used. As a full-sleep cycle in the neonatal period typically
lasts for up to an hour, (Scher, 2008) and we aimed to perform data
recording sessions for one full hour. However, in certain cases of pa-
tients needing immediate clinical procedures or waking up before the
end of the full hour, the study was ended early. If the infant was content
to sleep for more than an hour, the infant was left undisturbed. Imag-
ing session durations were on average 63.88 min (range: 34.60-144.77
min), Table 1. The HD-DOT system (cap, tiles, hub, cabling, and laptop,
described below) and supporting equipment fit on a small trolley which
was wheeled to the postnatal ward for studies. The setup also included
video recording of behaviour for sleep and sleep state assessment as
shown in Fig. 1. A summary of the data collection, pre-processing, and
analysis pipeline is shown in Fig. 2.

2.3. Wearable HD-DOT system

We employed a wearable HD-DOT system known as LUMO (Gow-
erlabs Ltd, UK) (Vidal-Rosas et al., 2021; Frijia et al., 2021). The sys-
tem consists of multiple independent modules (or “tiles”, Fig. 1) that
together create a dense network of sources and detectors, while still al-
lowing the system to conform to the scalp. Each hexagonal sensor tile is
equipped with 3 dual-wavelength LED sources (at 735, 850 nm) and 4
photodiode detectors. Each module weighs ~6 g and measures 29 mm
across at the widest point. Within-tile measurements are obtained with
source-detector separations of approximately 10 mm and 20 mm. Cross-
tile measurements are acquired for all separations within an array but
only channels up to ~45 mm separation are expected to yield accept-
able signal quality. The modules are located into a chain of “docks” that
are clipped into a flexible head cap. The docks provide power and data
transfer, and can be positioned anywhere within the cap. The dock chain
connects via a single flexible cable to a “hub”, which itself connects via
USB to a laptop. As shown in Fig. 3, a disposable rubber “light-guide”
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Table 1
Subject demographics.
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Subject Number ~ GA at birth (weeks)  Age (days) = Weight (g)  Recording Duration (min)  Sleep States Present (state and duration in min)
1 40 +2 1 4035 52.02 QS =313

2 40 + 4 1 3580 63.03 QS =10.45

3 40 +5 3 2890 46.08 QS =18.37

4 4145 8 3950 34.60 AS =105

5 40 + 2 4 3885 144.77 QS = 29.42; AS = 20.88
6 41+5 2 3830 34.92 QS =3.35

7 39+2 1 3385 60.72 QS =5.02

8 41 +1 4 4205 63.34 QS = 3.35; AS=4.18
9 38+5 2 3530 71.18 QS =3.28

10 39+3 6 3075 79.19 QS = 28.33; AS = 3.32
11 39+2 4 3275 50.04 AS =4.30

12 40 + 3 4 3085 69.69 QS =12.03; AS = 3.67
13 40 + 3 2 3840 61.32 QS =3.52

14 4140 4 4165 35.05 QS =17.48; AS 3.97
15 39+5 5 2940 60.83 QS =5.08

16 40 + 4 2 3275 64.11 QS = 6.62

17 39+0 5 3780 41.20 QS =16.2

18 42 +1 2 4150 69.25 QS =4.23

19 39+0 1 3970 61.40 AS =4.93

20 38+2 1 3170 75.27 QS =3.37

21 39+6 1 3155 64.56 AS =9.77

22 39+1 1 3570 72.88 QS =9.45

23 41+0 2 3115 68.83 AS =3.15

24 39+2 4 2910 64.99 QS =10.6; AS = 6.57
25 39+ 4 1 3240 70.15 QS = 3.01;

26 40 +5 2 3270 67.80 QS =18.15;

27 39+0 11 4160 60.65 QS =7.25

28 38+3 3 3185 75.30 QS =11.163

containing seven short plastic optical fibres couples light through the
dock to and from the scalp.

2.4. Neonatal HD-DOT Cap design

To form a complete cap, the LUMO dock chain was integrated into a
neonatal EasyCap (Easycap GmbH, Germany). The EasyCap consists of a
flexible cap made of elastane with a Velcro chin strap, and is commonly
used for EEG studies (Fig. 3). This design was found to provide good
optical coupling and efficient fitting (< 5 min). When compared to our
prior study in 6-month-old infants that used LUMO with a more rigid cap
made of neoprene and Velcro strapping, we found that newborn infants
were generally more tolerant of the EasyCap material. Newborn infants
also have more variable head shapes, which the more flexible material
of the EasyCap material could better accommodate. The EasyCap has
also been used in previous fNIRS studies with infants (Bulgarelli et al.,
2020; Bulgarelli et al., 2019). Two caps were made to accommodate
variable head circumferences (between 33.5 and 36 cm).

For this study, we designed a layout of 12 tiles and docks cover-
ing the frontal and parietal cortices. These 12 tiles provide 36 source
locations, 48 detector locations and a total of 1728 channels per wave-
length. Approximately 400 channels per hemisphere were expected to
provide a source-detector separation below 45 mm and thus provide vi-
able signals. Optode locations and the associated channels are illustrated
in Fig. 4. This array design represents the equivalent of 84 optical fibres.
The frame rate of this device was 10 Hz.

2.5. Cap positioning and spatial registration

The infant’s head circumference was measured around the crown,
and this distance was used to determine the correct cap size. The cap
was placed on the infant’s head and adjusted such that the front lip of the
cap came down just over the eyebrows and the tiles were located over
most of the frontal and parietal cortices. The cap design, positioning,
and fit are shown in Figs. 1-4a.

For spatial registration of optode locations, we employed a three-
dimensional structured illumination scanning approach as in our prior
study of 4-7 month old infants (Frijia et al., 2021). For each participant,

we acquired a three-dimensional model of the head surface using the
TrueDepth camera functionality of an X-series iPhone (Apple, Inc., CA,
USA) and the app ScandyPro (Scandy LLC, USA), which together allow
scaled, 3D point clouds to be acquired and exported in a readily ac-
cessible format. As the inevitable movement of the infant, even during
sleep, makes acquiring a continuous 360-degree scan nearly impossi-
ble, we acquired several depth-resolved ‘snapshot’ scans from different
angles for each participant while the cap was in place. Each snapshot
scan lasted approximately 1-8 s and was repeated if the baby moved
during acquisition. The viewing angle of each snapshot was chosen to
ensure at least three LUMO tiles and one cranial landmark were in the
frame in each case and together the snapshots would cover both arrays,
the nasion, inion, pre-auricular points and the vertex (Cz). The resulting
multiple partial point clouds (see example shown in Fig. 4b) were then
registered to one another using the software package CloudCompare
(www.danielgm.net/cc), which uses equivalent point pairs that are man-
ually identified across different partial scans to rigidly transform those
partial point clouds to produce a complete model (Fig. 4¢). To identify
the exact location of sources and detectors, each tile was tagged with a
specially designed fluorescent coloured triangular marker (Fig. 4a and
b), the points of which were positioned directly above the sources of
each tile. Because the tile and docks are of known dimensions, identify-
ing the locations of the points of each triangle (Fig. 4¢) provides suffi-
cient information to determine the location of each optode location on
the scalp without approximation. The location of subject-specific cranial
landmarks (nasion, inion, pre-auricular points, Cz) and the position of
each source and detector on the scalp could then be determined from the
completed point cloud. A multi-layer neonatal tetrahedral head model
was selected from a database of models (Collins-Jones et al., 2021). The
head model was then registered to the space of each infant based on the
affine transform between the cranial landmarks positions of the infant
and the head model (Fig. 4e).

2.6. Sleep state assessment
The video recordings of infants were reviewed offline to classify the

periods during which each infant was in one of two possible sleep states,
AS or QS, for comparison of differences in FC between these two states
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Fig. 1. Functional Imaging of the Newborn Brain Cot-side. Newborn infants were imaged cot-side in their mother’s rooms in the maternity ward of the Rosie Hospital.
All study materials fit on to a trolley that could be wheeled to the room. The HD-DOT cap was placed on the infant’s head once they were asleep. The cap connects to
a small control unit (‘hub’), which transmits collected data to a laptop. A video camera was positioned above the infant for video recording of sleep state behaviours.

Set up of all elements of this system took approximately 15 min.

as demonstrated in our prior study (Lee et al., 2020). Standard crite-
ria for classifying neonatal sleep states based on behaviour was used
(Scher, 2008; Dereymaeker et al., 2017; Hakamada et al., 1981). Video
segments were classified as AS if the infant demonstrated a combination
of two or more of the following behaviours: rapid eye movements, fa-
cial twitches, increased variability of respiration rates (visually assessed
by chest movements), and frequent large body movements. Video seg-
ments were classified as QS if the infant demonstrated decreased vari-
ability in respiration rates, minimal facial movement, and minimal body
movement except for occasional startle reflexes. Of note, given that the
infant moves during AS, more motion artifact was observed during AS
than QS. Example videos of the behavioural features of each state can
be found in the Supplementary Material.

2.7. HD-DOT data pre-processing

In an initial assessment of the data, channels were discarded based
on their coefficient of variation (rejected if mean of intensity/standard
deviation of intensity < 12). This coefficient of variation threshold was
chosen based on the threshold used in our prior study using this HD-
DOT system in adults (Vidal-Rosas et al., 2021) and the foundational
RSFC study using HD-DOT in adults (White et al., 2009). Data segments
with motion artifact were then excluded based on the channel-wise data
using the hmrMotionArtifact function in the fNIRS data analysis toolbox
Homer2 (Huppert et al., 2009). Any change in measured optical density

(OD) occurring within any 0.5 s period that was greater than 0.5 OD, or
greater than 10 times the standard deviation of the entire time-course
was considered to be motion artifact (parameters selected based on prior
publications (Lee et al., 2020; Vidal-Rosas et al., 2021)). To minimize
any potential impact of motion artifact on the surrounding data periods,
10 seconds of data before the start and after the end of each segment
identified as motion artifact were also excluded.

Previously reported infant RSFC fNIRS studies have used a range
of data recording durations for analysis: Bulgarelli et al (2019, 2020)
employed a minimum of 100 seconds of resting state data comprised
of individual segments at least 5 seconds in duration that were con-
catenated (Bulgarelli et al., 2020; Bulgarelli et al., 2019). Both Lee and
Blanco et al (2020) and White et al (2012) used a minimum of 2 min
of data (Lee et al., 2020, White et al., 2012). Wang et al (2017) used
graph theory metrics to determine that FC could be accurately and stably
achieved after 7.0 min fNIRS imaging duration at high network thresh-
olds, whereas the necessary scanning time minimum was 2.5 min at low
network thresholds (Wang et al., 2017) Blanco et al (2021) reported us-
ing ~9 min of data (Blanco et al., 2021).

Given this great variability, we chose to use 3 min of motion artifact-
free data as our minimum. Thus, optical intensity data segments that
were at least 3 min in length were extracted, and using the correspond-
ing video, each segment was classified as AS or QS. From raw optical
intensity data segments, changes in OD were calculated using the hm-
rIntensity20D algorithm implemented in Homer2.3% Motion artifact
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Fig. 2. Project outline. Summary of methods for data collection, data preprocessing, and higher-level functional connectivity analyses. AS (active sleep); QS (quiet
sleep); HbO (oxygenated haemoglobin); HbR (deoxygenated haemoglobin); GM (grey matter).
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EasyCap™

Light
guides

Fig. 3. (a) LUMO tile with source and detector positions indicated. (b) Positioning of docks into which the hexagonal tiles are located. The light-guide piece contains
seven short optical fibres with length 4.5 mm. (¢) Custom-designed neonatal HD-DOT cap containing 12 LUMO tiles. The 12 tiles and dock chain are integrated into
an EasyCap. Front and back views of the cap are shown. (d) Photographs of the cap on three newborn infants during cot-side data recording with tiles visible over
the frontal and parietal cortices.
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Fig. 4. (a) A photograph of a newborn infant in their cot wearing the HD-DOT system. (b) Three snapshot point cloud images of an infant. (¢) The complete model for
that infant, created from multiple point cloud images with cranial landmarks (green points) and sources marker locations (magenta points). (d) A 2D representation
of the full 12 tile array showing channels with source-detector separation of approximately < 60mm in the 3D space. (e) The source positions (red points) and
detector positions (blue points) shown on the shown on the scalp surface of the multi-layer neonatal tetrahedral head model registered to the subject’s space.

correction was not used here as the effects of these techniques on tem-
poral correlation are not well understood and have the potential to pro-
duce spurious network measures (Di Lorenzo et al., 2019). Instead, a
more conservative approach of selecting only motion artifact-free data
was implemented. In the case of infants that had more than one seg-
ment of the same sleep state (i.e. in the case of two segments of clean
data at least 3 min in duration separated by a period of motion arti-
fact), these segments were converted to OD and then concatenated, as
studies suggests that concatenating RSFC time series of the same brain
state (here, AS or QS) yields high reliability (Cho et al., 2021). The out-
come was that 11 subjects had clean data segments classified as AS, and
23 subjects had data segments classified as QS, with 5 subjects yield-
ing segments for both states (Table 1). The average time series of all
short channels, which are primarily sensitive to scalp haemodynamics
(Gregg 2010; Saager and Berger, 2008), were then regressed, as per-
formed previously (Sato et al., 2016). Temporal filtering was then ap-
plied using a regression model (Caballero-Gaudes and Reynolds, 2017).
Sine and cosine functions for frequencies above 0.08 Hz were included
in the model to remove the contribution of physiological noise sources
(e.g. respiration and cardiac pulsation), and up to 9th order Legendre
polynomials (depending on dataset duration) were included to account
for fluctuations at very low frequencies. The order was calculated as
k = 1 + floor(length of data in seconds/150), where the shortest data
segment was 181 seconds and the longest was 1153 seconds.

2.8. Image reconstruction

Images were reconstructed from the acquired data using a lin-
ear approach described previously (Arridge, 1999, Arridge and Schot-
land, 2009) The forward problem was modelled using the diffusion ap-
proximation (Arridge, 1999) The Jacobian matrix was calculated using
Toast++ (Schweiger and Arridge, 2014) via the finite element method.
The optical properties of the tissue layers of the model at the wave-
lengths of interest were linearly interpolated from literature values for

each tissue (Bevilacqua et al., 1999). The Jacobian was calculated in a
fine regular grid with size 30 x 30 x 30 voxels and projected into a multi-
layer neonatal tetrahedral head mesh for each infant (Schweiger and Ar-
ridge, 2003). The neonatal head model used in this study was selected
from a neonatal head model database (Collins-Jones et al., 2021) whose
head circumference was nearest to 34 cm, the average head circum-
ference for this dataset. To determine the optical properties for each
tissue at each wavelength, a regression was fit linearly to the values for
the absorption and reduced scattering coefficients from three studies
(Bevilacqua et al., 1999, Strangman et al., 2003, Ferradal, 2014). The
values in the table below were taken was the values of the regression
lines for each tissue at 735 and 850 nm. The optical properties associated
with the tissue layers of this head model are presented in Supplemen-
tary Table 1. The changes in absorption coefficient were calculated via
inversion of the forward model using zeroth-order Tikhonov regular-
ization. The recovered images of the changes in absorption coefficient
at the two wavelengths were then converted to images of changes in
HbO and HbR concentrations (Cope, 1991). For visualization and fur-
ther analysis, these haemoglobin images were then mapped from the
tetrahedral volume mesh to the GM surface mesh of the head model.

A sensitivity map of the channel layout was then calculated in the
GM space by finding a sensitivity mask for each subject. To create a
sensitivity mask for each subject, we set a threshold of 5% of the max-
imum value of the normalized Jacobian such that nodes exhibiting a
sensitivity above this value were set equal to 1 in a binary mask. All
sessions’ binarized masks were then summed to compute a group-level
mask, such that if all subjects’ masks were sensitive to a given node, the
node value was 28. All nodes which had a value of 21 (75% of subjects)
or above were included in the final group-level mask.

2.9. Parcellation of the cortical surface

Computing HbO and HbR FC matrices based on tens of thousands of
GM surface mesh nodes is highly computationally expensive. To reduce
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Cortical Parcels

Fig. 5. Cortical Parcellation to Reduce Data Dimensionality. The GM surface mesh of the neonatal head model was parcellated according to the M-CRIB parcellation
scheme. This was combined with the binary sensitivity mask of the 12-module array to produce an image of the cortical parcels that our system was sensitive to.

data dimensionality, a cortical parcellation approach was used. This ap-
proach also provides the benefit of indicating which nodes correspond
to which anatomical brain regions. In this approach, the GM surface
mesh is divided into parcels and the HbO and HbR values for all nodes
within each parcel are averaged to produce a single HbO and HbR value
for each parcel at each time point.

Employing the approach detailed by Blesa et al. (2021) the M-CRIB
atlas was used to parcellate the brain of the neonatal head model. The
M-CRIB atlas was chosen as compared to other atlases as it is based on
both anatomical and functional information. The M-CRIB atlas consists
of 10 neonatal subjects whose MRI volumes have undergone manual
neuroanatomical labelling (Alexander et al., 2019). Using the develop-
ing Human Connectome Project processing pipeline (Makropoulos et al.,
2018; Makropoulos et al., 2014), the T,-weighted intensity images of all
10 atlas individuals included in the M-CRIB 2.0 release were processed
to obtain a brain mask and tissue segmentations. These brain masks
and segmentations were used to perform histogram matching between
the T,-weighted volumes of each M-CRIB atlas and the database-chosen
model. Each of the M-CRIB T,-weighted volumes were then non-linearly
registered to the T,-weighted volume of the database-chosen model us-
ing the SyN function of the ANTS toolbox; (Avants et al., 2008) this
transform was used to register the manual labels of each M-CRIB vol-
ume to the space of the multi-layer neonatal tetrahedral head mesh.
These registered labels were then merged using a joint label fusion ap-
proach as detailed by Wang et al. (2013). The output of this process was
a parcellation of 84 regions of interest within the space of the neonatal
head model.

The group-level sensitivity mask was then applied to the GM sur-
face mesh of the parcellated head model, producing a map of parcels
that the array was sensitive to (Fig. 5). Parcels were included if the
array was sensitive to at least 50% of the GM surface mesh nodes be-
longing to that parcel (as determined by the GM sensitivity mask, see
above) and across at least 75% of the subjects (21/28 subjects, 75%).
Once the sensitivity profile of the system was applied to the parcellated
cortex, 18 parcels remained within the field-of-view of our experiment
(Fig. 5). These parcels corresponded to the following regions: caudal
middle frontal gyrus, inferior parietal gyrus, pars opercularis, post cen-
tral gyrus, precentral gyrus, rostral middle frontal gyrus, superior frontal
gyrus, superior parietal gyrus, and supramarginal gyrus (for right and

left, n=18 total). This parcellation was applied to each subject’s data
to produce FC matrices of size 18 x 18. Group-level FC matrices were
produced by averaging all subjects’ parcel-space FC matrices.

2.10. Functional connectivity analyses

2.10.1. Seed based correlation

As an initial validation that FC was present in this dataset and that
physiologically meaningful FC maps could be demonstrated, a seed-
based correlation analysis was employed. This analysis used the longest
data segment for each subject, regardless of sleep state (i.e. if a subject
had both AS and QS data segments, whichever segment was longer in
duration was included). Hereafter, these data segments are referred to
as ‘all subject data’. In the GM mesh space, seed regions of 3.5 mm
radius for the left and right hemispheres were selected for the pre-
frontal, motor, and parietal regions based on previously published re-
ports (Ferradal et al., 2016; Doria et al., 2010; Smyser et al., 2010) and
the anatomical locations of these regions on the GM surface mesh (e.g.
in the centre of the prefrontal gyrus/motor cortex). Within this seed
region, the average of all nodes’ HbO and HbR signals was calculated,
and this averaged signal was the ‘seed’ signal. Then, a robust Pearson’s
correlation coefficient (Santosa et al., 2017) was calculated between
each seed signal and the signal of every other node in the GM surface
mesh that fell within the GM sensitivity mask. Robust correlation was
performed to minimize the impact of outlier timepoints for correlation
analysis (Santosa et al., 2017). Individual correlation values were nor-
malized by Fisher’s Z transformation before averaging across subjects.
Z-transformed maps were converted to t-statistics and thresholded with
FDR correction to 0.005.

2.10.2. Cortical parcel connectivity analysis

In order to further investigate the presence of FC in this dataset, we
analysed the temporal correlations of the continuous HbO and HbR sig-
nals for four different types of connectivity (Imai et al., 2014). For each
infant’s parcellated data, we calculated the correlation coefficients (r)
between the HbO and HbR values of each of the 18 parcels. There were
(18 x 18)/2 = 162 parcel pairs and 162 r values were collected for
each infant. Each r value was converted to a z-score by Fisher’s Z trans-
formation, and Z scores were averaged together to produce a single FC
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value. Connectivity was categorized into the 4 following types: (i) short-
range connectivity (26 pairs), (ii) contralateral transverse (interhemi-
spheric) connectivity (30 pairs), (iii) ipsilateral-longitudinal connectiv-
ity (27 pairs), and (iv) control (70 pairs). Short range connectivity (i)
was defined as parcels that were immediately anatomically adjacent to
one another. Interhemispheric connectivity (ii) was defined as the con-
nections between parcels that were contralaterally homologous (sym-
metric across the midline), or contralaterally homologous and one par-
cel over (i.e., left motor cortex and right motor cortex, left motor cor-
tex and right somatosensory cortex). Ipsilateral-longitudinal connectiv-
ity (iii) was defined as connections in which each parcel in the pair was
more than three parcels away from one another, which mainly com-
prised fronto-parietal connections. Control connectivity (iv) consisted
of connections other than those of (i), (ii), and (iii). Overall connectiv-
ity was defined as all possible parcel pairings. The strength of each type
of connectivity was evaluated by averaging the Z scores within the de-
fined connectivity for each infant. Then, we obtained an averaged value
of the Z scores for each type of connectivity for each group. Each of
the four types of connectivity were statistically compared between one
another and between sleep states using an independent t-test.

2.10.3. Connectome-based independent component analysis (connICA)

We assessed for the presence of specific FC networks us-
ing connectome-based independent component analysis (connICA),
(Amico et al., 2017) a data-driven methodology based on independent
component analysis. connICA can be used to extract group-level inde-
pendent FC patterns from a set of individual FC matrices. This approach
was chosen because it relies on the FC matrices of subject datasets, rather
than time series, thereby overcoming the limitation of having differ-
ent durations of data segments across subjects. In this approach, the
upper triangle of the symmetric FC matrices of HbO and HbR is first
vectorized for each subject. These vectors were concatenated in rows
to form a group-level FC matrix of dimensions [11 AS subjects + 23
QS subjects] x [18 parcel pairs x 2 Hb chromophores]. The integration
of the information on FC provided by HbO and HbR was done under
the premise that similar FC patterns should be observed across chro-
mophores (Ferradal et al., 2016; Mesquita et al., 2010; Homae et al.,
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2011). Next, the FastICA algorithm (Hyvérinen and Oja, 2000) was ap-
plied to this group-level matrix to obtain a set of latent group-level inde-
pendent functional connectome components (ICs), and their correspond-
ing weights in each infant. From this analysis 12 ICs were extracted, a
number that is equal to the number of principal components necessary
to explain 65% of the group data variance. The criteria for ICA model
order selection are explained in detail in Appendix 1. Each IC has an
associated set of 34 weights: 11 for AS subjects and 23 for QS subjects.
Independent t-tests were used to compare the contributions of AS and
QS weights to a given IC and its associated spatial map.

3. Results
3.1. Group-level functional connectivity matrices

Fig. 6 presents the group-level FC matrices for HbO and HbR with
parcels ordered according to their anatomical location on the cortex,
ordered from most anterior to most posterior. High correlation values
near the diagonal indicate that anatomically adjacent parcels are most
strongly correlated with one another (blue arrows). Correlation between
contralateral homologous regions for parcels within the frontal cortex
are also evident (dashed yellow boxes and arrows).

3.2. Seed based correlation

Fig. 7 presents the seed-based correlation maps for seeds in the left
and right motor cortex, parietal cortex, and frontal cortex. Motor cortex
maps show expected correlation down the length of the motor cortex
outside and areas of the somatosensory cortex. Significant correlation is
also seen on the motor cortex contralateral to the seed region. These ef-
fects are slightly more evident for the left seed than for the right and for
HDO than for HbR. Parietal cortex maps show correlation in the parietal
cortex surrounding the seed region, as well as in the contralateral pari-
etal cortex. Notably, strong correlation is also seen in the frontal cortex,
particularly for the right parietal seed, suggestive of fronto-parietal net-
works. Frontal cortex maps show the strongest correlation in the region
immediately surrounding the seed region, as well as the contralateral
equivalent portion of the frontal cortex. Correlation decreases radially
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Fig. 6. Group-level FC matrices. Parcels are organized according to their anatomical location (from most anterior to most posterior) and divided into left (LH) and
right (RH) hemispheres for HbO (left) and HbR (right). Dashed yellow squares and yellow arrows indicate apparent functional connectivity between contralateral
homologous frontal regions. Blue arrows indicate off diagonal effects and strong correlations between anatomically adjacent regions. M (motor cortex parcel); SS

(somatosensory cortex parcel).
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Fig. 7. Seed based correlation analysis. Seed based correlation maps for all subjects generated from seeds in the left and right motor cortex (top two rows), parietal
cortex (middle two rows), and frontal cortex (bottom two rows) in the nodal space for HbO (left two columns) and HbR (right two columns). The seed region is
displayed as a black point. Brighter yellow colours indicate more significant correlations between nodes and the seed region. Features of FC (correlation between
contralateral brain regions, fronto-parietal correlations) are evident in these maps. Colorbar is thresholded in grey to the t-stat value corresponding to an FDR

correction of 0.005.

on the cortex moving away from the frontal cortex towards more pos-
terior regions, until reaching the parietal cortex, in which correlation
increases, again supporting the presence of fronto-parietal networks.
Altogether, these seed-based correlation maps appear to demonstrate
physiologically meaningful FC patterns and the presence of expected FC
networks.

3.3. Cortical parcel connectivity analysis

Fig. 8 presents the results of comparing connectivity strength when
parcel pairs are classified into different connectivity types: short range,
interhemispheric, longitudinal ipsilateral, or control. Considering all
subjects, and as expected, short-range connections were significantly
stronger than interhemispheric, longitudinal ipsilateral, and control

connections for HbO and HbR (p < 0.005). Interhemispheric connec-
tions were also stronger than ipsilateral longitudinal and control for
HbO (p < 0.005), and control only for HbR (p < 0.005). Consid-
ering subjects who had QS data, short-range connections were sig-
nificantly stronger for all other types of connections for HbO and
HbR (p < 0.005). No significant differences were found for connec-
tions during AS (p = 0.0250-0.9597 for HbO; p = 0.0589-0.9129 for
HbR). No significant differences were found when connection types
were compared between sleep states for any types of connections
(p = 0.1470-0.9997 for HbO, p = 0.2093-0.6484 for HbR). The find-
ing of higher FC values for interhemispheric connections than con-
trol connections supports the finding of the seed-based correlation
analysis of significant FC between contralateral homotopic brain re-
gions.
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Fig. 8. Cortical Parcel Connectivity. Robust correlation values and Z-scores were calculated between all parcel pairs. Parcel pairs were then divided into groups
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grey circles represent parcels, dashed lines represent connections between parcels. Top row, HbO; bottom row, HbR. First column, all subjects’ data, defined as the
longest data segment for each subject independent of sleep state; second column, AS data segments; third column, QS data segments. FC, defined here as the averaged
Z-score values for each type of connection, are plotted as open circles. FC was strongest for short-range and interhemispheric connections and weakest for ipsilateral

longitudinal and control connections. *p < 0.05, **p < 0.005.

3.4. Connectivity-based independent component analysis (connICA)

Further evidence of the presence of FC, as well as modulation of
FC resulting from variations in sleep state, was demonstrated by con-
nICA (Fig. 9). As described above in the methods, the output of the
connlICA analysis is a set of ICs for the selected PCA threshold. Each IC
corresponds to a spatial map demonstrating connections between nodes,
where each node corresponds to the centre of a particular cortical par-
cel. Therefore, a connection between nodes represents a connection be-
tween two cortical parcels. In this analysis, 7 ICs were identified, each
with an associated spatial map comprised of nodes and connections be-
tween nodes. The 7 spatial maps were visually evaluated to determine
whether the spatial map demonstrated features of FC, i.e., that that re-
sembled previously demonstrated FC networks or physiologically plau-
sible connections within the brain. Of the 7, 5 demonstrated features
that resembled previously demonstrated FC networks or physiologically
plausible connections within the brain. These 5 are presented in Fig. 9,
the remaining 2 maps not suggestive of any physiological patterns are
presented in Supplementary Fig. 2.

The spatial map of one IC suggested FC patterns of interhemispheric
connectivity (Fig. 9a) Weights for AS subjects in this network were
significantly higher than weights for QS subjects, suggesting that this
network is more present during AS than QS. Of note, this finding of
stronger interhemispheric connectivity during AS is consistent with our
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prior study of differences between AS and QS in neonates using fNIRS
(Lee et al., 2020). Among the other four selected ICs, notable FC patterns
included frontal connectivity (Fig. 9b), right hemisphere intrahemi-
spheric connectivity (Fig. 9¢), left hemisphere intrahemispheric connec-
tivity (Fig. 9d), and short-range local connectivity (Fig. 9e). For these
spatial maps, no significant differences were observed in the weights of
AS and QS (p = 0.114-0.862).

4. Discussion

To our knowledge this is the first study to employ wearable HD-DOT
in the newborn infant for cot-side neuroimaging. We adapted a pre-
viously demonstrated HD-DOT technology to the neonatal population
through the development of a newborn-friendly headgear that allowed
for long recording durations. We used this system to perform cot-side
studies of functional brain activity during sleep and compare FC dynam-
ics across newborn infant sleep states, AS and QS. Our findings demon-
strate the feasibility of performing studies in newborn infants in clinical
settings using wearable HD-DOT, and particularly to characterize task
free, or resting-state (here, sleep) FC networks in the brain.

The fibreless, modular, and portable design of the system employed
in this study enabled the application of a large number of sources and
detectors to the head with minimal preparation or disturbance to new-
born infants. All of our study equipment could be easily transported on a
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Fig. 9. Results of connICA analysis. Five spatial maps demonstrating patterns suggestive of FC were identified. These patterns include interhemispheric connectivity,
frontal connectivity, right hemisphere intrahemispheric connectivity, left hemisphere intrahemispheric connectivity, and short-range local connectivity. Each node
in the spatial map corresponds to the centre of a particular cortical parcel, and connections between nodes represent functional connections between parcels. The
spatial map in a) represents a FC pattern formed by interhemispheric edges showing a higher prominence during AS than QS (p = 0.0053).

trolley such that the infant could remain in a naturalistic setting in their
cot next to their mother during the study. The total time from the trolley
entering the mother’s room on the postnatal ward to the beginning of a
recording was approximately 15 min. The system was well tolerated by
the infants, and for long durations, with the maximum study duration
lasting over two hours. These considerations are particularly important
for vulnerable newborn infants, such as premature infants in intensive
care, for whom bulky optical fibres or transport out of the intensive care
unit is not feasible.

This study also represents the first application of a cortical parcella-
tion scheme to 3D reconstructed HD-DOT data for newborn infants. This
was performed to reduce the dimensionality of the data (from thou-
sands of GM surface mesh nodes to 18 cortical parcels) to facilitate
FC matrix generation and FC analyses. Cortical parcellation schemes
have been previously used in fMRI studies of adults (Lewis et al., 2022;
Gordon et al., 2016; Schaefer et al., 2018) and infants (Shi et al., 2018;
Fenchel et al., 2020; Alexander et al., 2017) for similar purposes.

Our infant-friendly registration method enabled us to obtain the
three-dimensional position of tiles relative to the cranial landmarks us-
ing the TrueDepth functionality of an X-series iPhone. Note that other
devices, including the structure.io scanner (https://structure.io), are
available to perform similar structured-illumination scanning.

Our FC analyses considering all subject data demonstrated strong ev-
idence of FC networks present in our dataset. Group-level FC matrices
demonstrated features of stronger correlation between anatomically ad-
jacent regions, and stronger correlations between contralateral frontal
regions. The seed-based correlation analyses revealed the expected ho-
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motopic correlation along the length of the motor cortices for the motor
seeds. The expected fronto-parietal FC was also observed in the frontal
seed and parietal seed correlations. Our connICA analysis produced 7 IC
spatial maps, 5 of which were consistent with known patterns of FC and
known FC networks (intrahemispheric connectivity, interhemispheric
connectivity, short-range connectivity, and frontal connectivity).

Our sleep state analyses comparing FC network features across AS
and QS demonstrated stronger interhemispheric connections during
AS relative to QS, and stronger local, short-range connections during
QS relative to AS. This was first demonstrated in our cortical con-
nectivity analysis, in which QS had significant differences between
the strength of short-range connections and all other types of connec-
tions (interhemispheric, longitudinal ipsilateral, control, all connectiv-
ity) (Fig. 8). This predominance of short-range connectivity was not
observed for AS. Similarly, our connICA analysis revealed a spatial
map with interhemispheric connections that more strongly represented
during AS than QS (Fig. 9, p = 0.0053). These findings are consis-
tent with our prior study using fNIRS in which network-based statis-
tics and connICA analyses demonstrated stronger interhemispheric con-
nections during AS than QS (Lee et al., 2020). In full-term neonates,
more than half of sleep time is spent in AS (Mirmiran et al., 2003).
Animal studies demonstrate that cerebral blood flow and oxygen de-
livery is relatively higher in AS compared to QS, (Morrison et al.,
2005) and that cerebral metabolic rate of oxygen consumption is
as high in AS as during wakefulness (Silvani et al., 2006). Along-
side this evidence, the increased strength of interhemispheric con-
nections during AS observed in this study suggest that AS may be
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functionally important in early development for interhemispheric con-
nections.

The ability to study FC in neonates at the cot-side has the potential
to become a valuable clinical tool to assess cerebral function and devel-
opment in vulnerable neonatal patients. This is of clinical importance as
the incidence of neurodisability remains unchanged despite advances in
neonatal care and improvements in survival rates (Costeloe et al., 2012).
However, a number of issues must be addressed to yield more robust
datatypes. Even with wearable technologies, it remains difficult to cap-
ture a continuous recording of sufficient length that is motion artifact-
free in neonates. This was one of the main limitations of this work. It is
even more challenging if limited to a specific sleep state, and greater still
if there are segments of sleep states that are not easily identifiable as AS
or QS. As a result of these requirements, the durations of remaining data
will inevitably be shorter than is desirable. Previous fNIRS RSFC stud-
ies reported using durations as short as 2 min on neonates (Lee et al.,
2020; White et al., 2012), or 100 s in infants (Bulgarelli et al., 2020;
Bulgarelli et al., 2019). Wang et al. (2017) reported that 1-min record-
ing segments are enough to obtain FC maps with as high an accuracy
as 10 min segments Wang et al., 2017. Our opinion remains, however,
that longer data segments are critical, and the conservative nature of
our data selection reflects this position.

Another limitation of the current study is that the durations of AS
and QS segments extracted for our FC analyses were significantly dif-
ferent. This was almost certainly due to the fact that AS, by definition,
will involve more frequent subject motion (see Supplementary Mate-
rial videos) (Scher, 2008), which complicates the extraction of motion-
artifact free segments of sufficient duration. While various motion arti-
fact correction approaches are available, their impact on RSFC data in
infants are not well known, and therefore we decided to take the most
conservative approach of only selecting motion artifact-free segments.
Our parameters for motion detection using hmrMortionArtifact were also
more strict than previous publications. Even with these conservative de-
cisions, we retained 62.2% (28/45) of subjects, which is consistent with
the average reported 60% retention rate in most infant fNIRS studies
(Lloyd-Fox et al., 2010).

The acquired HD-DOT signal contains representing brain activ-
ity as well as processes related to systemic physiological changes
(Kirilina et al., 2012). It is important to consider that the effects of RSFC
and sleep on the brain cannot be easily disentangled from physiologi-
cal noise in the signal, and that shifting between sleep and wake itself
results in large and widespread physiological changes that can affect
RSFC, even after global signal regression (Soon et al., 2021).

Studies of premature newborn infants in intensive care using an
adapted version of this system are currently ongoing. Complications re-
lated to prematurity, such as white matter injury (Smyser et al., 2013)
hemorrhagic parenchymal infarction (Arichi et al., 2014), and expo-
sure to stress and painful procedures (Smith et al., 2011) may affect
FC development. Although sleep is the predominant behavioral state in
the neonate, the busy environment of the NICU can disrupt sleep or-
ganization in both preterm and sick term neonates (Scher et al., 1992;
Scher et al., 2002). Future directions also include greater investigation
on the effects of motion artifact correction and short separation regres-
sion on infant RSFC data. We employed short separation regression by
removing the average of all short separation channels, yet validation of
this approach in newborn infants, who have smaller heads and shorter
scalp-to-brain distances than adults, is clearly needed.

In conclusion, we have demonstrated the feasibility of using a wear-
able HD-DOT system for cot-side functional neuroimaging of the new-
born brain in clinical settings. The system is well-tolerated, adaptable,
and easy to apply for long recording durations. We used this system
to capture basic features of FC in newborn infants during sleep, and
demonstrated differences in FC across newborn sleep states, AS and QS.
This work also represents the first study to apply a cortical parcellation
scheme for data dimensionality reduction in infant fNIRS data analysis.
Given the developments demonstrated here, we believe there is great
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potential for wearable HD-DOT to become integrated into the clinical
setting for studies of brain function in neonatal populations.
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