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Abstract
Preterm birth affects 10 % of all newborns annually and is associated with an increased
risk of many lifelong neurocognitive deficits. It coincides with the critical time in
brain development, and it is associated with extensive structural and functional
disruptions in the brain networks. However, there is little detailed knowledge about
how the early development of functional connectivity is affected by prematurity, and
further, how these effects correlate with neurological performance.

This thesis studies the functional, phase-based networks of preterm infants and
their link to neurological outcomes. Multi-channel electroencephalography (EEG)
was recorded during two sleep states of early preterm (EP, N = 46) and full-term
healthy control (HC, N = 67) infants. The phase connectivity between different brain
regions was computed from the narrow-band source-level EEG with the debiased
weighted phase lag index. Group differences were tested with the network-based
statistic method and the mean strengths of connectivity in both global networks
and group difference networks were correlated with immediate neurological and later
neurocognitive scores.

The results show widespread differences in functional connectivity between the
EP and HC groups at multiple frequency bands. In addition, strong correlation
was found between the phase-based functional connectivity networks and newborn
neurological outcomes in the EP infants but not the HC infants. These findings give
insight on the differences in early neurodevelopment of preterm and full-term infants
and could be deployed in generating a biomarker for early risk identification and
therapeutic intervention.
Keywords brain development, preterm birth, neonate, functional connectivity
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10 % vastasyntyneistä syntyy vuosittain ennenaikaisesti, mikä aiheuttaa riskin moniin
elinikäisiin neurokognitiivisiin häiriöihin. Ennenaikainen syntymä aiheuttaa aivoverk-
kojen laajoja rakenteellisia ja toiminnallisia häiriöitä, ja sen ajankohta osuu aivojen
kehityksen kannalta kriittiseen ajanjaksoon. On kuitenkin vain vähän yksityiskoh-
taista tietoa siitä, miten ennenaikainen syntymä vaikuttaa aivojen toiminnallisten
verkostojen varhaiseen kehitykseen sekä siitä, korreloivatko nämä vaikutukset neuro-
logisen toimintakyvyn kanssa.

Tämä diplomityö tutkii keskosten toiminnallisia, vaihepohjaisia verkostoja se-
kä niiden yhteyttä neurologisiin tuloksiin. Keskosten (N = 46) sekä terveiden,
täysiaikaisten verrokkien (N = 67) monikanavainen aivosähkökäyrämittaus (elect-
roencephalography, EEG) suoritettiin kahden nukkumistilan aikana. Eri aivoalueiden
väliset vaihekorrelaatiot laskettiin kapeakaistaisesta lähdetason EEG-datasta vinou-
makorjatulla, painotetulla vaiheviiveindeksillä (debiased weighted phase lag index).
Ryhmienvälisiä vaihekorrelaatioeroja tutkittiin verkkopohjaisilla tilastollisilla testeillä,
ja tulokset korreloitiin välittömien neurologisten ja myöhempien neurokognitiivisten
tulosten kanssa.

Tulokset osoittavat laajoja eroja keskosten ja verrokkien toiminnallisissa yh-
teyksissä useilla taajuuskaistoilla. Lisäksi keskoset osoittivat vahvaa korrelaatiota
vaihepohjaisten funktionaalisten yhteysverkkojen ja neurologisten tulosten välillä,
mutta verrokit eivät. Nämä havainnot antavat vihjeitä keskosten ja täysiaikaisten
vastasyntyneiden varhaisessa kehitysvaiheessa esiintyvistä eroista, ja niitä voidaan
hyödyntää luomaan biomarkkeri varhaiseen häiriöriskin tunnistamiseen ja terapeut-
tiseen interventioon.
Avainsanat aivojen kehitys, keskonen, vastasyntynyt, toiminnalliset verkostot
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1 Introduction
“I felt devastated watching my newborn fight for his life, yet our beautiful baby,
Karim, with the help of his dedicated medical support team, continued to fight and
survive,” recounts the mother of a preterm infant in the Preterm Birth Global Action
Report of the World Health Organization (WHO) [1]. Preterm birth affects over
15 million infants annually, and, though improved neonatal basic and intensive care
actions have significantly improved the rates of survival, the surviving infants still
face an increased risk of severe cognitive impairments, such as visual, learning, and
hearing disabilities [2]. The third trimester is a critical time for the development of
brain networks, because during this period the brain grows dramatically and guides
its own development via endogenous spontaneous activity [3,4]. Preterm infants born
at this time encounter an extrauterine environment and have been shown to suffer
from abnormal structural development [5]. However, little is known about how these
disruptions actually affect brain connectivity and later neurocognitive performance.

The development of brain activity and the main structural connections begins at
the end of the second trimester and reaches all the way to the first months after term
age. The initial thalamo-cortical connections begin to form between the thalamus
and a subcortical structure called the subplate at around 23 weeks [6]. The brain
activity measured from preterm infants at this age shows spontaneous bursts-like
activity. These characteristic activity bursts are called, inter alia, spontaneous activity
transients (SATs), and they appear as high-frequency activity embedded into a lower-
frequency carrier wave [7]. During the weeks 25–30, the initial thalamo-cortical
connections extend from the subplate to the cortex and the main cortico-cortical
connections begin to form [6]. Concurrently with the development of more intricate
cortico-cortical connections, the SATs are overcome by higher-amplitude continuous
activity near term age [7].

Brain activity can be measured non-invasively from the scalp with electroen-
cephalography (EEG). EEG is a neuroimaging method which measures the poten-
tial differences between electrodes placed over the scalp. EEG provides a direct
means of monitoring brain connectivity from an early age. The synchronization of
activity at different brain regions is considered as the underlying mechanism for
cross-talk between functionally specialized areas and can be described with func-
tional connectivity [8,9]. Functional connectivity can be assessed with two modes:
amplitude-amplitude correlations (AAC) and phase-phase correlations (PPC). AACs
are present on a multi-second scale and are mostly associated with local processing,
whereas PPCs operate in the subsecond domain and typically mediate long-range
processing [8, 10–12].

Tokariev et al. have studied the AAC and PPC patterns of preterm and healthy
control infants in order to find prognostic information regarding early problems in
neurodevelopment [13, 14]. They showed that the transition between sleep states
reorganizes the active AAC networks of an infant and that this effect is modified in
preterm infants [13]. They also found that the PPC networks of preterm infants have
correlation with later neurocognitive performance at distinct frequency windows while
no correlation was found in AAC patterns [14]. This thesis will continue this line of
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study and systematically investigate the link between the PPC patterns of preterm
infants to several neurological and neurocognitive outcomes at term-equivalent age
and at the of two years.

In this study, the EEG of 46 early preterm (EP) infants and 67 full-term healthy
control (HC) infants was measured during daytime sleep. After preprocessing and
source reconstruction, the PPCs between all source signals were computed using
the debiased phase lag index (dwPLI) [15, 16]. Group comparison of functional
networks at multiple narrow-band frequency windows was performed using Network-
based statistics (NBS) [17] and the means of the group-specific PPC networks were
correlated with neurological and neurocognitive scores.

Profound differences were found in the development of the functional connectivity
networks of early preterm infants compared to healthy controls. Moreover, the
differences were associated with immediate neurological performance. This evidence
could be utilized to develop a biomarker for predicting the later neurocognitive
outcomes of preterm infants. Neurocognitive deficits remain the greatest risk factor
of preterm birth, and early diagnosis and intervention enabled by reliable biomarkers
could significantly decrease the number of neurodevelopmental disorders and improve
the life quality of millions of preterm neonates.
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2 The neonatal brain

2.1 Neurocognitive effects of preterm birth
Annually, over 15 million babies are born preterm worldwide [1]. This number
accounts to 10 % of all newborns. Preterm infants are defined as babies born alive
before the 35th week of pregnancy is completed, that is to say 35 weeks conceptional
age (CA). Conceptional age is counted from conception, whereas gestational age
(GA) is counted from the first day of the last menstrual period. The convention is to
define the difference between CA and GA as two weeks. Extremely preterm babies
are born before 26 weeks CA, very preterm babies before 30 weeks CA, and late
preterm babies before 35 weeks CA. Over 1 million preterm babies die each year,
making it the most common global cause of newborn deaths, i.e. deaths within the
first 4 weeks of life [1]. However, the number of preterm deaths has been dramatically
decreased by the improvement of neonatal intensive care units (NICUs), where the
state of the preterm infants can be constantly monitored. Nevertheless, the surviving
infants typically encounter lifelong neurocognitive, neurosensory, behavioral, social,
and emotional disabilities [2, 18–20].

Neurocognitive deficits are by far the most common impairments elicited by
preterm birth. The most severe conditions include cerebral palsy, developmental
impairments, and sensory impairments. Fortunately, the occurrence of cerebral palsy
is decreasing in Europe due to improved neonatal intensive care. In 2006, cerebral
palsy concerned 9 % of the surviving infants born at 22-23 weeks, 5 % of those born
at 24 weeks, and only 2 % at 26 weeks [2]. Developmental impairments in preterm
children are more common, and have been measured by comparing the IQ of early
preterm (EP) children to full-terms, revealing a weighted mean difference of 11–12
IQ points between groups [18]. In addition, 40 % of EP children showed intellectual
impairment at 11 years of age while the corresponding value in term-born children
was only 1.3 % [18].

Neurosensory effects comprise typically visual and hearing problems, as well
as somatic impairments, such as respiratory and cardiovascular problems [2]. EP
children also have an increased risk for behavioral, social, and emotional disabilities.
The most common impediments include problems in attention and socio-emotional
skills, as well as an increased risk for attention deficit/hyperactivity disorder and
autism spectrum disorders [19,20]. Finally, preterms score clearly lower in educational
tests and show learning difficulties [2].

Anatomically, recent studies have shown evidence that preterm birth causes
disturbances in the connectivity networks of the neonatal brain. Core long-range
connections are typically robust to preterm birth but local connections within the
thalamus, cerebellum, superior frontal lobe, and cingulate gyrus, as well as short-
range connections within the cortex are significantly weaker in preterm infants than
healthy controls [21]. In addition, the preterm brain is characterised by lower white
matter volumes and even holes in the white matter, referred to as white matter
injury [22].
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2.2 Physiological origin of electrical brain oscillations
The human brain, along with the whole nervous system, plays a major role in
receiving, modifying, and transmitting information throughout the body. Sensory
information and neural commands are processed in the cerebral cortex (grey matter),
which is organized into six distinct layers (see Fig. 1a), with layer I defined as the
outermost layer, right below the skull and the meninges [23]. Beneath the deepest
layer, layer VI, lies the white matter, which consists predominantly of the axons of
cortical neurons, linking together different regions of the cortex [23].

As explained in [23], two main types of cortical neurons can be distinguished:
pyramidal cells and non-pyramidal cells. Pyramidal cells are shaped like pyramids
pointing towards the surface of the cortex, and their cell bodies, somas, are located
mostly in the cortical layers II–III, and V–VI. Pyramidal cells have apical dendrites,
which run vertically from the somas to the outermost cortical layers, and their axons
stretch through the white matter to distant cortical regions or to the spinal cord.
This makes pyramidal cells the primary output and interneuron type. Non-pyramidal
cells are often round and smaller than pyramidal cells. They are found predominantly
in the cortical layer IV, and their axons terminate in local regions. Non-pyramidal
cells are thus mostly involved in receiving sensory input and local processing.

Information is transmitted through neurons as electrical signals. The signals are
initiated from action potentials (AP), which are transients in the cell membrane
potential due to changes in the intra- and extracellular concentration of sodium (Na+)
and potassium (K+) ions. Synapses pass the electric gradient from one neuron to
another by means of neurotransmitters, which induce a post-synaptic potential (PSP)
in the succeeding neuron [23]. One of the most important neurotransmitters is the
γ-aminobutyric acid (GABA). A single AP can trigger a series of new APs, resulting
in the oscillation of the membrane potential, often susceptible to resonating at a
certain frequency [24]. Neighbouring neurons, primarily pyramidal neurons, usually
trigger with only small time delays and lie parallel to each other, thus enabling the
summation of their electric fields and causing large-scale oscillations. In addition,
neuronal ensembles incorporate feedback and feedforward loops, which further evoke
their oscillatory behaviour. Brain oscillations enable efficient synchronization between
different brain regions [11,25]. These large-scale oscillations can be measured with
electroencephalography (EEG, see Fig. 1b and c). EEG is a neuroimaging method
which measures the synchronous PSPs of neuronal populations from the scalp [26].
EEG will be discussed further in Section 3.

Brain oscillations have traditionally been divided into the following frequency
ranges: delta (1–4 Hz), theta (4–8 Hz), alpha (8–12 Hz), beta (13–30 Hz), and gamma
(low gamma 30–70 Hz, high gamma 70–150 Hz). The classical frequency bands are
a conventional way of observing brain activity, because they are prominent in the
adult EEG. Oscillations can be seen in neonatal EEG from around 34 weeks CA [7].
However, due to the lack of wiring and the immature state GABAergic inhibition,
the infant brain cannot yet produce the highest frequencies near term-equivalent age,
so beta and gamma oscillations are not seen in the EEG recording until the first
months after birth [7, 27].
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Figure 1: The physiological origin of measurable electrical oscillations in the brain.
a) The cerebral cortex (grey matter) is organized into the cortical layers I–VI. Non-
pyramidal cells are involved in local processing, and their somas are located mostly in
layer IV. Pyramidal neurons are the primary neuron type for long-range processing,
and their somas occupy the layers II-III and V-VI. Their apical dendrites reach
all the way to layer I, and their axons pass through the white matter, underlying
layer VI, to distant locations of the cortex. The synchronous activity of the apical
dendrites of parallel pyramidal neurons gives rise to a detectable electric field. b)
The electric fields generated in the grey matter by populations of pyramidal cells
are oriented in different directions. Most of the detectable signal is generated by the
parallel electric fields on the gyri of the cortex, perpendicular to the edge. c) EEG
sensors placed on the scalp detect the electric fields which pass through the skull
and scalp.

2.3 Brain development and neonatal EEG
The first large-scale connections of the human brain begin to develop from the
thalamus and the cortex at the end of the second trimester of pregnancy [6]. At 30
weeks CA, the connections first grow between the thalamus and the subplate, an early
temporary structure beneath the immature cortex [28]. The subplate mediates the
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growth of neurons to the cortex. At its peak, the subplate is multiple times thicker
than the cortex, but it gradually decreases in size and finally vanishes completely [29].
During the third trimester, before a typical term age of around 40 weeks, the thalamo-
cortical connections reach the cortex, the main interhemispheric connections (callosal
connections) link the two hemispheres, and finally more intricate cortico-cortical
connections form between different brain regions [6].

The age at which the earliest preterm babies survive at the NICU is around
24 weeks CA. At this stage, the EEG signal of these babies is discontinuous with
intermittent burst-like activity. These bursts are unique to early neonatal EEG, and
they are called, inter alia, spontaneous activity transients (SATs) [4, 7]. SATs show
as spontaneous high-frequency (up to 30 Hz) events embedded in a low frequency (∼
1 Hz), which is nested in an even lower ultra-slow carrier wave (< 0.5 Hz), and they
are hence also referred to as nested oscillations [4, 27, 30]. They occur due to the
absence of fully developed wiring and sensory mechanisms in the brain [7]. On the
other hand, SATs play a significant role in the development of the wiring of the brain
by influencing events such as neurogenesis, apoptosis, neuronal migration, neuronal
growth, and axon myelination [31]. This development based on endogenous activity
is referred to as a self-organizing network.

A model of SAT activity at different stages of gestation, devised by Vanhatalo et al.
in [7], is presented in Fig. 2. At 24 weeks, there are few cortico-cortical connections in
the brain yet, which makes SATs autonomous within cortical areas. They are found
focally especially over the sensory cortices, and there is very little inter-SAT activity.
As the brain matures, the SAT waveforms change, they become more widespread over
different cortices, and their interhemispheric synchrony increases, but their occurence
rate stays relatively constant. At 30 weeks CA, the first thalamo-cortical connections
from the subplate to the cortex begin to form, and some traces of coincident occurence
of SATs between hemispheres are seen. Around this age, two different sleep states
can be differentiated from the EEG. Active sleep (AS) is the initial form of adult
rapid eye movement (REM) sleep whereas quiet sleep (QS) corresponds to adult
non-REM sleep. During AS, the EEG is more continuous and the proportion of SAT
activity in the signal is greater than during QS [32].

Around 34 weeks, the time of the formation of the callosal connections, there is a
notable increase in the synchrony of SATs between hemispheres [6,7]. Moreover, inter-
SAT activity increases and becomes more continuous. By the time of normal term
age, 37–42 weeks, SATs have usually disappeared completely, and their occurence at
this stage could be a sign of some pathology [27]. The first months after term age
contribute to the development of more precise cortico-cortical connections. During
this period, the formation of cortico-cortical circuits drives the emergence of higher
frequency (beta and gamma) activity, which is key for the development of higher
cognitive functions [25].

Neonatal brain activity has conventionally been measured with functional mag-
netic resonance imaging (fMRI), a brain imaging method, which utilises a phenomenon
called neurovascular coupling to obtain information on the activity of different re-
gions of the cortex. Neurovascular coupling refers to the increase of blood flow to a
neurologically active brain area. The blood flow overcompensates the actual need of
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Figure 2: A model of the progression of spontaneous activity transients (SATs) with
age during non-REM (quiet) sleep and REM (active) sleep. The SATs measured
in early preterms at birth are autonomous and uncorrelated between hemispheres,
with only little inter-SAT activity. Preterm and further fullterm infants feature
more oscillatory activity between SATs, and the synchrony between the hemispheres
increases. Figure from [7].

oxygen, which increases the concentration of oxygenated hemoglobin and decreases
the concentration of deoxygenated hemoglobin [33]. This is measured as the blood-
oxygen-level-dependent (BOLD) signal and it is the contrast used in fMRI. Though
the use of fMRI is widely accepted in adult studies, recent investigations have shown
no evidence of coupling between cortical activity and blood flow in neonates [34–36].
In addition, due to the slow BOLD response, fMRI does not capture the coupling of
high-frequency oscillations [37]. For these reasons, many research groups promote the
use of EEG when studying the development of connectivity in neonates [7, 38,39].
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3 Electroencephalography

3.1 Clinical EEG measurement
The electric activity of the brain can be measured from the scalp with electroen-
cephalography (EEG). EEG was first created by the German neuropsychiatrist, Hans
Berger, on the basis of the string galvanometer by Willem Einthoven and the findings
on the electric currents of the brain by Richard Caton [40–42]. Currently, EEG is a
routine clinical method used for example in intensive care, epilepsy diagnosis and
neurological studies.

The measured signal consists mostly of the synchronous PSPs of parallel pyramidal
neurons [26]. The EEG is usually measured non-invasively from the scalp (Fig. 3a),
though in certain cases it is also measured intracranially with needle or grid electrodes.
In scalp-EEG measurements, the sensors are metal contact electrodes, which are
attached to the scalp with a conductive paste to minimize the impedance between
the skin and the electrode to less than 5 kΩ [43]. The electrodes register the potential
difference between two measurement sites or between the measurement site and a
common reference point. These different recording arrangements are called montages.
Common montages include measuring the difference of neighbouring electrodes
(bipolar measurement), using an electrically inactive physical reference point such as
the ears (linked mastoids), or taking the average of all measurement signals to use
as a reference (average montage).

The number and placement of EEG electrodes in the clinic should adhere to
standard guidelines. EEG is measured with a minimum of 20 electrodes, though
typically more are used. Using less than this number of electrodes is not deemed
to give a sufficient measure of the different areas of the brain. The most common
electrode placement system is the 10–20 system, though the current recommendation
is the 10–10 system, which has slight modifications in the names of the temporal
electrodes [44–46]. The 10–20 system is presented in Fig. 3b. In both systems,
the electrodes are placed in lines between external landmarks (nasion-inion and the
preauricular points of both ears) with distances of 10 % or 20 % [46]. The naming of
the electrodes consists of a letter, which defines the row of the electrode’s anatomical
location, and a second identifier, which defines the location of the electrode on this
row. Central electrodes are identified with the letter ’z’, the electrodes on the right
hemisphere with even numbers, and the electrodes on the left hemisphere with odd
numbers.

In neonatal EEG measurements, the use of the 10–20 system is challenging and
sometimes impossible due to the tiny size of the neonatal head. In addition, the
placement of the EEG sensors must not decrease the already critical condition of
the small patient. Thus, the measurement setups of neonatal EEG often differ from
the adult standards, and the number of electrodes is smaller. In addition to the
challenge of placing the electrodes, it is often difficult to obtain a good-quality signal
in neonatal EEG recordings. The NICU is an electrically noisy environment due to
the large number of monitoring and treatment equipment. The mains interference
(50 Hz), infusion pumps, and ventilators generate large artifacts [43]. Artifacts are
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Figure 3: a) The EEG measurement of a preterm infant. Image courtesy of University
of Helsinki, Finland. b) The electrode placement of 19 electrodes and 2 mastoid
electrodes named according to the International 10–10 system. The electrodes are
placed in lines from the nasion to the inion and between the preauricular points (M1
and M2). c) Examples of the EEG signals of a healthy full-term infant in AS (top)
and QS (bottom). The colouring corresponds to the location of the sensors: right
hemisphere (blue), left hemisphere (red), or central (black).

also produced by other physiological signals of the infant, such as cardiac, respiratory,
and muscle signals [43]. These are much stronger in magnitude than the EEG signal.

3.2 EEG preprocessing
The preprocessing of EEG can be performed to improve the quality of the measured
signal and remove artifacts acquired during the measurement. However, it is chal-
lenging to remove artifacts without also removing part of the true signal. Thus all
efforts should be exerted to reduce the amount of artifacts during the measuring
itself. Still, certain processing steps can be taken after acquiring the raw EEG signals
in order to minimize the amount of artifacts and optimize the signal quality [47].
Examples of preprocessed neonatal EEG signals are presented in Fig. 3 c.

Temporal filtering takes advantage of the differences in the spectral content of
a signal. Filters are designed to attenuate the spectral areas which are occupied
predominantly by noise, thus bringing out the physiologically relevant signal [48].
Mathematically, filtering can be expressed as the convolution of the input signal with
the impulse response of the filter:
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y(t) =
N∑

n=0
h(n)x(t − n), (1)

where y(t) is the output signal at time t, x(t − n) is the flipped and time-shifted
input signal, and h(n) is the impulse response of the filter, i.e. the weight given to
the input sample n. In other words, filtering can be thought of as the weighted sum
of multiple input samples from the signal. Filters are linear and time-invariant, and
their impulse response describes how the samples of the input signal are weighted.
The number of used input samples affects the characteristics of the filter. Finite
impulse response (FIR) filters utilize a finite number of input samples, whereas infinite
impulse response filters (IIR) incorporate an infinite number of input samples [49].
Causal filters employ only past and present input samples, while acausal filters can
also use future samples [48]. Filters can also be categorized by the spectral content
that they attenuate [49]. High-pass filters attenuate the low frequency drifts of the
signal, often related to physiological phenomena such as breathing. Low-pass filters
are engaged to cut off the high frequency contents and smooth the signal, reducing
the power of noise and physiologically irrelevant artifacts. Notch filters remove a
certain sharp frequency component, and they are commonly applied to remove power
line interference (50 Hz). Band-pass filtering attenuates all frequencies of the signal,
which fall outside the specified frequency band.

In clinical scalp EEG measurements, the frequency range of interest is typically 0.5-
25 Hz in resting state measurements [50]. However, there is an increasing amount of
evidence that some of the physiologically significant activity surpasses this frequency
range. This includes signals such as the infraslow EEG waves, which Grooms et
al. found to correlate with BOLD signals [51], and high-frequency ripples, which
Frauscher et al. proposed as a biomarker for epilepsy seizures [52]. Thus, one must
be careful with temporal filtering and well aware of the physiological signals relevant
to the research problem or clinical inspection in question. In neonatals, the clinically
relevant activity has been shown to fall within the range 1–30 Hz [27].

After filtering, down-sampling can be used to decrease the size of the data. This
is particularly useful as less data is required to store information after filtering off the
high frequencies. According to the Nyquist theorem, the sampling frequency should
always be at least twice the value of the highest remaining frequency [53]. However,
to ensure sufficient time resolution in practice, the sampling frequency should usually
be approximately four times the highest remaining frequency, since the cut-offs of
filters are never completely sharp [47].

Independent component analysis is a computational tool used for removing arti-
facts. It works for external artifacts, such as mains and power line inferences, and
physiological artifacts, such as cardiac, respiratory, and movement artifacts [47].
The process separates the EEG into components by maximizing independency [54].
Because artifacts can be assumed to be independent from the true brain signals, they
will appear as separate components and can be excluded from the analysis. The data
is then backprojected without the artifact components, resulting in a cleaner EEG
signal.
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After these temporal processing steps, there can still be transient events corrupting
the spatial distribution of scalp potentials, i.e. the scalp potential map. These events
will show as large local differences in potentials, and can be decreased with spatial
filtering [47]. There are many different implementations for spatial filters, but
they typically compare all electrodes to their local neighbourhoods and smooth out
extremities, dramatically improving the signal.

It is common, that even after all these processing steps, some periods of data are
still ridden with artifacts. Thus, the data should always be visually inspected and
epochs with too low quality should be removed from the analysis.

3.3 Source localisation
Once the scalp EEG has been preprocessed, a problem arises in its interpretation.
Namely, the signals measured by the sensors feature a combination of signals from
multiple different sources. This is referred to as signal mixing and it is a significant
pitfall especially in connectivity analyses [11,55]. Thus, the measurements need to be
converted from sensor space to source space. [56] This is called the inverse problem.
As proven by Helmholtz in 1853, there is no unique solution to this question [57].
However, with a sufficient amount of a priori information, an adequate estimation
of the source distribution can be made. This is called the forward solution. The
solution to both the inverse and forward problems is referred to as source localisation.

The key to solving the inverse problem is thus the forward solution. The forward
solution answers the question of what electric field is created by a known distribution
of neuronal sources [56]. The solution to this question requires knowledge of the
conductivity and geometry of the tissue between the sources and the sensors. This
knowledge can be defined with a head model. The head model requires the loca-
tions of the neuronal sources (pyramidal cell ensembles), obtained from anatomical
measurements, and the locations of the sensors, defined by structural landmarks.

There exist two common methods for computing the head model. The Finite
Element Method (FEM) gives a solution on the variables of a certain region in space,
while the Boundary Element Method (BEM) solves only the boundary variables
[58, 59]. Thus, the BEM is computationally lighter than the FEM and has the
advantage that it does not require boundary conditions like FEM. However, the
BEM assumes all tissues to be homogeneous and have isotropic conductivity. This is
not the case in the human head, which includes anisotropic tissues, such as the skull
and white matter.

The neonatal head characteristics differ from those of adults significantly, and
thus the adult head model cannot be used for neonatal EEG measurements without a
marked loss in spatial resolution. The obvious difference is in the size and geometry
of the neonatal head compared to the adult head. However, as presented by Odabaee
et al. in [60], the neonatal skull tissue also has conductivity of 0.06–0.02 S/m,
which is significantly higher than the adult skull tissue conductivity, 0.0033 S/m.
This is because the neonatal skull is still soft and unossified, and thus has higher
conductivity [61,62]. As a result, neonatal EEG is more focal than adult EEG, and
decays within centimeres on the scalp. Thus, with a typical neonatal EEG setup
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of 9–20 electrodes, the signals at sensor level are not necessarily critically worse
than those at source level. [60] Naturally, if the number of electrodes is considerably
increased, the problem re-emerges, and the need for a specific head model arises.
For this use, a corrected neonatal head model, which takes into account the high
scalp-like conductivity of the neonatal skull, has been created [60].
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4 Network analysis

4.1 Brain networks
The human brain is a complex and hierarchichal organization whose two key charac-
teristics are segregation and integration. The former refers to different processes being
localized in specialized areas of the brain and the latter to communication between
these separate areas. These characteristics are interconnected, and both are an essen-
tial part of neuroanatomical organization [63]. Brain networks can be characterized
by the small world model which means that the integrated hubs are densely connected,
whereas the segregated areas have only a few connections [64]. Other properties
characteristic to the human brain are assortativity, centrality, clustering, efficiency,
hierarchy, hub structure, modularity, robustness, and synchronizability [17,65].

The connectivity of the brain can be assessed with different measures. Structural
connectivity is defined by the anatomical pathways, mostly white matter tracts,
between different sites of the brain. Groups of neurons which are closer together
have a higher chance of being structurally connected than groups far away from each
other [66]. Functional connectivity, on the other hand, expresses the synchronization
of neuronal oscillations at different sites, which has been proposed to enable the
coordination between segregated processing during both ongoing and stimulus-driven
activity [8, 10].

At resting state, the functional connectivity structures underlying interareal
coupling are referred to as intrinsic coupling modes (ICMs), which include both
amplitude- and phase-based connectivity modes [10]. Amplitude-amplitude correla-
tion (AAC) is a mode of functional connectivity which reflects multisecond events
and is typically related to local connections, which are defined as regions distributed
in an area of under 1 cm [10,11]. Phase-phase correlations (PPCs) have a subsecond
timescale and are mostly associated with interareal connections [10–12,67]. ICMs
are highly influenced by the underlying structural connectivity and structural dis-
ruptions, which makes them good measures for analyzing changes in developing
networks [10, 11, 68, 69]. However, they are also affected by numerous other fac-
tors, such as conduction delays, neuromodulation, global brain states, and previous
network activation [10].

Because the AAC and PPC networks of neonates develop rapidly during the
first weeks of life, these modes of connectivity could carry important prognostic
information related to preterm birth [68]. The AAC patterns of infant EEG have
been found to change between sleep states and a modification of this effect has been
observed in EP infants [13]. The densities of both AAC and PPC networks have
been shown to be sparser in EP infants compared to HCs [14]. Most intriguingly, the
PPC patterns of preterm infants were shown to correlate with later neurocognitive
performance, while the AAC patterns did not show this correlation [14]. This thesis
will use the PPC connectivity mode to study the relationship between functional
connectivity and neurocognitive performance.
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4.2 Phase connectivity metrics
To understand how phase differences and PPCs are measured, one must first com-
prehend the cross-spectrum of two signals. The cross-spectrum is mathematically
defined as the product of the complex form of one signal with the complex conjugate
of another:

Sij(f) = ⟨xi(f)x∗
j(f)⟩, (2)

where xi(f) is the first signal in complex form and x∗
i (f) is the complex conjugate

of the second signal. The cross-spectrum corresponds to a vector whose length is
the product of the amplitudes of the signals and whose angle to the real axis is the
phase difference of the signals (Fig. 4). Thus, the phase difference ∆θ, required for
many PPC metrics, can be obtained from the imaginary part of the cross-spectrum.
The normalization of the cross-spectrum is called coherency and is defined as:

Cij(f) = Sij(f)
(Sii(f)Sjj(f))

1
2
, (3)

where Sij is the cross-spectrum of the signals xi(f) and xj(f) and Sii/Sjj the
power spectrum of each signal. Coherency is used to compute coherence, which is
perhaps the most simple metric for measuring PPC [70]. Coherence is simply the
absolute value of coherency:

Cohij(f) = |Cij| . (4)

However, coherence does not show only phase-phase interactions but can also
encompass traces from amplitude correlations. By contrast, phase synchrony (PS)
purely concerns phase correlations [72]. Two signals which have non-uniformly
distributed phase differences are said to be phase synchronized. The PS of two brain
regions indicates that there is a temporal correlation in the neuronal activity of
these brain regions [73]. The most common measure of PS is the phase locking value
(PLV). The PLV at a time instant t is defined as:

PLV (t) = 1
N

⏐⏐⏐⏐⏐
N∑

n=1
ei∆θ(t)

⏐⏐⏐⏐⏐ . (5)

where N is the number of trials and ∆θ(t) the phase difference between two
signals at time t. The PLV reflects the phase synchrony of two signals, with a
PLV of 0 meaning that there is no phase synchrony between the two signals and
a PLV of 1 impling that there is full phase synchrony. The concept of the PLV is
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Figure 4: The complex representations of two signals (A) can be presented as their
cross-spectrum (B) by multiplying the complex representation of one signal by the
complex conjugate of the other. The length of the cross-spectrum is the product of
the original signals’ amplitude and the angle between the cross-spectrum and the
real axis corresponds to the phase difference between the original signals. Figure
from [71].

relevant only in narrow frequency bands, so it requires the signals to be filtered prior
to computation. In addition, the PLV requires the complex forms of the signals
for obtaining the phase difference ∆θ(t) with the cross-spectrum. These complex
signals can be obtained from the Hilbert transform, which shifts the signals by 90◦

to their complex representations. However, the PLV is problematic in scalp EEG
measurements due to volume conduction, which causes the same source-level signal to
be detected in multiple scalp electrodes, leading to misinterpretations of synchronous
activity [11]. Conversely, one sensor picks the signal from a combination of sources.
This volume spread problem can be reduced by source reconstruction, but no source
model can provide an explicit solution of the source distribution [11,74]. Artificial
interactions are false interactions, which arise directly from volume spread, whereas
spurious interactions arise from true interactions but are displayed in proximate
locations [55].

Stam et al. addressed the volume spread problem by defining a new metric called
the phase lag index (PLI), which reflects the sign distribution of the phase differences
of two signals [15]. It neglects phase differences of exactly 0 mod π in order to
diminish volume conduction effects (Fig. 5). The PLI is defined as:

PLI = |⟨sgn[∆θ(t)]⟩| , (6)

where sgn[x] is the signum function, and the phase difference ∆θ(t) is obtained
from the imaginary part of the signals’ cross-spectrum. The signum function sgn[x]
gives the sign of x, so that:
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sgn[x] =

⎧⎪⎪⎨⎪⎪⎩
1, if x > 0
0, if x = 0
−1, if x < 0

. (7)

Figure 5: The temporal phase distributions of two signals pictured as vectors in a
unit circle. The angle of each vector to the real axis represents its phase. The left
figure depicts a signal with a uniform phase distribution centered at π. This is most
likely due to volume conduction and thus yields a PLI of 0. The figure on the right,
however, presents a signal whose phase distribution is non-uniform and centered
around π

2 . This yields a PLI of 1 and represents a true signal. Figure from [75].

Thus, while positive phase leads and negative phase lags survive, the phase
difference values of exactly 0 are excluded from the result. This prevents artificial
interactions significantly, supporting the use of the PLI over the PLV [55]. However,
it might also exclude true phase synchronization, and it is not immune to spurious
interactions [11,55]. These must be taken into account in the interpretation of the
found interactions. The PLI is also sensitive to noise and disruptions in the signs
of the phase differences, and it is prone to discontinuities [16]. To account for this
shortcoming, Vinck et al. proposed the improved weighted PLI (wPLI) [16]. The
wPLI is defined as:

wPLI = |⟨∆θ⟩|
⟨|∆θ|⟩

= |⟨|∆θ| sgn[∆θ]⟩|
⟨|∆θ|⟩

. (8)

The wPLI weights the vectors so that those closer to the real axis (and thus a
phase difference of 0) are given less weight to reduce disruptions and discontinuities.
In this thesis, the debiased weighted PLI (dwPLI) is used to decrease sample size
bias. Sample size bias is a bias, where the sample does not represent the population
equally. The dwPLI is defined as:

dwPLI = (∑ ∆θ)2 − ∑ ∆θ2

(∑ |∆θ|)2 − ∑ ∆θ2 . (9)
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4.3 Statistical testing with NBS Connectome
Measuring phase connectivity, for example with the dwPLI, is usually performed
in an all-to-all manner, i.e. comparing all brain regions against each other in pairs.
To assess the likelihood of a true experimental effect, mass-univariate analysis is
performed by computing a test statistic for each edge. These simultaneous tests,
however, increase the probability of false positives, referred to as the family-wise
error rate (FWER) [76]. For perspective, if the number of used brain regions were 58,
as in this study, the number of comparisons would be N(N − 1)/2 = 1653. Without
any multiple comparisons correction, significance of α = 0.05 could not be declared,
because this would include 82 false positives. Correcting this with methods such as
the Bonferroni correction or the false discovery rate would, however, be unnecessarily
strict [17, 77].

Zalesky et al. devised a multiple comparisons correction method, Network-based
statistic (NBS), targeted especially for connectivity analysis [17]. The key assumption
in NBS is that connections which reflect true effects are interconnected into a networks
encompassing more than a single connection. NBS first performs mass-univariate
analysis for all edges, assigning a test statistic value for each edge. Next, a threshold
is applied, and the edges with a test statistic value larger than the threshold are
admitted to a set of supra-threshold edges. This supra-threshold network is used for
defining the interconnected components. The components are defined in a topological
space, in contrary to other cluster-based methods, which use a physical space (see Fig.
6) [17,78]. The components are found by breadth or depth search. The significance of
the components is computed by permutation testing, where the data labels between
samples are randomly exchanged in different permutations and the effect on the test
statistic is monitored. If the null hypothesis is true, this does not have an effect
on the test statistic and vice versa. A FWER-corrected p-value is assigned to each
component as the proportion of permutations where the largest component was larger
or the same size as this component [17].

NBS Connectome is a Matlab-based toolbox for computing hypothesis testing
of connectivity analyses with the NBS method [17, 79]. NBS utilizes connectivity
matrices, which describe the connectivity between pairs of brain regions, as input.
This thesis used NBS Connectome for the hypothesis testing of phase connectivity
between brain regions measured with the dwPLI.

In order to compute networks with NBS, the study design must be defined with
a design matrix as well as relevant contrast vectors. NBS uses the General Linear
Model (GLM) as a statistical model for modeling the study design [76]. The GLM is
a linear model defined as:

Y = XB + U, (10)

where Y is a matrix of measurements, X a matrix of regressors to model the
measurements, B a set of weights for the regressors, and U the error term. The
matrix X is often referred to as the design matrix. The design matrix consists of
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Figure 6: Cluster-based multiple comparisons correction methods for mass-univariate
analyses typically use a physical space for clustering components (left), where voxels
form the basic unit. NBS, on the contrary, utilizes the nature of networks and
performs clustering in a topological space (right), where the basic unit is defined as
graph edges. Figure from [17].

regressors, also known as classifiers or models, for each subject. The weights B are
also known as contrasts. The contrasts define the order of a one sided statistical test.
Other contrasts can also be added externally.

In addition to group comparisons with NBS, some important statistical practices
include effect size (ES) and network size (NS). ES is a metric which conveys the
strength of an effect. This is clinically important, because conventional statistics
show the presence of an effect, and can declare significance even on small effects, if
the sample size is increased sufficiently. Similarly, some clinically significant effects
might not be conveyed with significance testing simply due to small sample size. ES
is independent of sample size and thus provides information on the actual magnitude
of the effect. In this thesis, we will use the Cohen d method to compute ES as in [13].
Cohen d computes the ES by normalizing the t-test statistic with sample size:

d = t√
N

, (11)

where t is the t-test statistic and N the sample size. However, ES tends to have
a positive bias [80]. Thus it is also important to examine the NS. This is simply the
number of edges which show a significant effect, and it is important for determining
the size of the network underlying the effect.
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5 Materials and methods

5.1 Dataset
The multi-channel (N = 19) scalp EEG data of daytime sleep was recorded from
46 early preterm (EP) infants and 67 full-term healthy control (HC) infants in the
Children’s Hospital, Helsinki University Central Hospital. The conceptional ages of
the HC infants at birth were 38.4 ± 1.8 weeks (median ± interquartile age) and those
of the EP infants were 24.6 ± 1.6 weeks. The EEG was measured from the infants
at term-equivalent age (39.3 ± 2 weeks). The study design and procedures were
approved by the Ethics Committee of the Children’s Hospital, Helsinki University
Central Hospital, and the informed consent of a parent or guardian was obtained for
all subjects.

The EEG was measured with NicOne EEG amplifiers (Cardinal Healthcare/Natus,
USA) and Cognitrace amplifiers (ANT B.V., Enschedem The Netherlands). The
EEG caps used in the study (Waveguard, ANT-Neuro, Germany) contained 28
sensors positioned by the International 10–20 system. The EEG was recorded in two
different sleep states: AS and QS. The vigilance states were defined by the criteria
described in [81]. Five-minute-long artefact-free periods of EEG for both vigilance
states were extracted from all subjects’ measurements for the analysis. Some of these
periods were generated from several shorter epochs when 5-minute-long continuous
artefact-free epochs could not be found. Furthermore, some individual epochs were
rejected due to insufficient quality. The final dataset thus consisted of recordings in
four groups: HC–AS (N = 53), HC–QS (N = 66), EP–AS (N = 46), and EP–QS
(N = 42).

For studying the correlation between the EEG measurements at term-equivalent
age and neurocognitive performance immediately and after two years, a set of stan-
dardized tests for child development were used. First, the infants were tested with the
Hammersmith Neonatal Neurological Examination (HNNE) [82] at term-equivalent
age. HNNE consists of tests from different neurological and behavioural domains:
posture tonus, tone patterns, reflexes, movements, abnormal signs, orientation, and
behaviour. The scores were combined into two measures of neurological performance,
C1 and C2, as in [14], to enable the assessment of the multidimensional data. C1
is associated with later motor development and C2 with later cognitive and social
development. Next, for assessing development at two years of age, the Griffiths
mental development scales (GMDS) [83] and the Bayley scales of infant and toddler
development III (BSID–III) [84] were used. The Griffiths scales include assessment
scores for motor, social, speech, visuo-motor, and visual development, and the Bayley
scores encompass scores of cognitive performance, language comprehension, and
language production.

5.2 Methods
The full pipeline is presented in Fig. 7. The raw EEG signals were filtered with a
low-pass Butterworth filter with a cut-off frequency of 45 Hz and downsampled with
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the sampling frequency f = 100 Hz. The measurements were converted to average
montage for optimal sensitivity and specificity of cortical synchrony estimation [85].
The signals were then divided into 21 frequency bands between 0.4–22 Hz (Fig.
7a). The bands were chosen so that their widths were semi-equal on a logarithmic
scale and with 50 % overlap. This enabled the meticulous scanning of multiple
frequency ranges to capture even narrow-band effects. The frequency bands and
central frequencies are presented in Fig. 8. The filters were applied both forwards
and backwards to prevent nonlinear phase distortions.

Figure 7: The pipeline. a) Data acquisition and the preprocessing steps. The
EEG data of early preterm (EP) and healthy control (HC) infants was collected in
active (AS) and quiet sleep (QS). The data was band-pass filtered into 21 narrow
frequency bands and transferred to source level with dynamic statistical parametric
mapping and parcellation into 58 parcels. b) Connectivity analysis. The phase-
phase connectivity (PPC) was computed between all 58 parcels and the results were
gathered in connectivity matrices. Group comparison was performed with Network-
based statistic (NBS). c) Comparison to neurocognitive scores. The subject-specific
connectivity matrices were masked based on the group-difference networks obtained
from NBS. The mean PPCs were computed for all masked connectivity matrices
and the results were correlated with Spearman’s rank correlation against different
neurological and neurocognitive scores.

After separating the signal into frequency components, the sensor-level signals
were transferred to source space with source localisation (Fig. 7a). A realistic infant
head model of three layers (scalp, skull and intracranial surfaces) [14] was used for
the source localisation. The conduction values for the three layers used in this study
were 0.43 S/m for scalp, 0.2 S/m for skull, and 1.79 S/m for intracranial layers [60].
The forward model was computed with the symmetric BEM using the openMEG
package [86]. The cortex was divided into 58 parcels with a K-means clustering
protocol as presented in [14]. The source-level signals were computed for these parcels
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Figure 8: The 21 filters and their central frequencies (Fc) used for extracting the
different frequency bands from the EEG signal. The filters have semi-equal lengths
in the logarithmic scale and overlap by 50 %.

with dynamic statistical parametric mapping [87] with an additional protocol to
weigh the signals which were assumed to best represent the parcel activity [14].

The PPC between parcels was then computed from the processed signals of each
subject (Fig. 7b). This was achieved by calculating the dwPLI metric between all 58
parcels, thus generating connectivity matrices of size 58 x 58. This was performed
separately for the AS and QS measurements and all 21 frequency bands. Thus, the
final prepared dataset consisted of 207 connectivity matrices of size 58 x 58 for each
frequency band (99 AS measurements, of which 53 were HC and 46 EP infants, and
108 QS measurements, of which 66 were HC and 42 EP infants).

Group comparison of functional networks was performed using NBS for each of
the 21 frequency bands and for both sleep states with two contrasts (Fig. 7b). The
contrasts were EP > HC, describing connectivity that is increased in EP infants
compared to HC infants, and EP < HC, describing connectivity that is decreased in
EP infants compared to HC infants. This created network templates for significant
group differences. The networks were computed with the t-test, thresholds of 2.5
and 3.0, an alpha level of 0.05, and 5000 permutations. The process was run with
the two thresholds to ensure that the results were robust to threshold change, which
is a weakness of the NBS approach. In addition, the age differences of the subjects
were regressed by adding an age covariate column to the design matrix. This is an
important step, because the functional connectivity of the neonatal brain changes
rapidly in the first two weeks of life [68]. The design matrices of AS and QS used in
NBS are presented in Fig. 9. The significant networks were visualized with BrainNet
Viewer [88]. Post hoc correction was computed with the Benjamini-Hochberg method
for both sleep states separately, accounting for the tests in 21 frequency bands and
two contrasts (Ntests = 42, α = 0.05).

The ES estimates were computed with Cohen’s d from the NBS results, and
the NS calculations were generated as the number of edges featuring a significant
effect. The effect sizes, network sizes, and significant networks were used to choose
frequencies of interest for further analysis. The frequency ranges with the central
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Figure 9: The design matrices of the t-tests in a) AS and b) QS. In both matrices,
the rows represent all subjects sorted into groups (EP and HC). The first column
represents contrast 1 (C1: EP < HC) and the second column contrast 2 (C2:
EP > HC). The last column is the age covariate, computed from the CAs as
CAsubject − CAmean to regress any effects of systematical age differences.

frequencies 1.2 Hz, 1.5 Hz, 1.8 Hz, and 2.1 Hz were of particular interest due to the
findings of Tokariev et al. [14].

After the frequencies of interest were chosen, the connectivity matrices of these
frequencies were masked with the group difference network templates obtained from
NBS (Fig. 7c). The mean PPC of these masked connectivity matrices was computed
for each subject and the result was compared to the subjects’ neurological and
neurocognitive scores. This was performed by computing Spearman’s rank correlation
coefficient and its p-value with the subjects’ ages as a covariate. Multiple comparisons
correction was applied post hoc with the Benjamini-Hochberg method. The number
of tests took into account 10 neuroscores, 11 frequencies in AS, 8 frequencies in
QS, one contrast (EP > HC) for all frequencies and another (EP < HC) for the
frequencies which showed correlation. Thus Ntests = 130 in AS and Ntests = 90
in QS. All computations were performed with Matlab 2019 (The Mathworks Inc.,
Massachusetts, United States) [79].
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6 Results

6.1 Effect size and network size
The ES estimates of the group difference networks are presented in Fig. 10. The
results show that the group-specific connections are clearly distinct in the frequency
domain in both sleep states. EP infants display increased connectivity compared
to HC infants (EP > HC) at frequencies 0.5–1.5 Hz and 4.5–9.2 Hz in AS and at
approximately the same ranges in QS. On the other hand, they display decreased
connectivity (EP < HC) at frequencies 2.6–3.1 Hz. Overlapping effects occur at
frequencies 1.8–2.1 Hz, 3.7 Hz, and 13.3–19.2 Hz in AS and approximately the same
ranges in QS.

Figure 10: The effect sizes of the significant differences in connectivity at different
frequencies between groups. The top plots (red) are for contrast EP > HC and the
lower plots (blue) for contrast EP < HC. The effect sizes with threshold 2.5 are
shown in dark red and blue and those with threshold 3.0 in light red and blue.

Fig. 11 presents the NSs, i.e., the sizes of the networks underlying the group
differences and shows that the differences at lower frequencies concern larger networks
than those at higher frequencies. In addition, the networks sizes are clearly larger
in increased connectivity networks (nedges,max ≈ 300) than in decreased connectivity
networks (nedges,max ≈ 35).
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Figure 11: The network sizes of the significant differences in connectivity at different
frequencies between groups. The top plots (red) are for contrast EP > HC and the
lower plots (blue) for contrast EP < HC. The network sizes with threshold 2.5 are
shown in dark red and blue and those with threshold 3.0 in light red and blue.

6.2 Group comparison of PPC networks
The group difference networks for increased connectivity (EP > HC) and decreased
connectivity (EP < HC) were computed for the AS and QS measurements with
the thresholds 2.5 and 3.0 and with post-hoc Benjamini-Hochberg correction. Vi-
sualizations of these networks in AS are presented in Fig. 12 and in QS in Fig. 13.
The figures show all significant connections binarily, i.e., an edge is drawn if the
significance of the group difference of the PPC between two brain areas exceeds the
statistical threshold, without regard to the magnitude of the effect. The figures show
that the results are robust to threshold change. Threshold 3.0 is stricter, so some
of the connections do not survive these tests, but the overall patterns are the same.
Thus, the analysis can be carried out with the 2.5 threshold results.

The same frequency domain distinctions can be seen in the network visualizations
as in the ES and NS plots. In addition, there are intriguing spatial differences in
the contrast-specific network organizations at the frequencies where these networks
overlap. In AS, these frequencies are 1.8 Hz and 2.1 Hz. At these frequencies, the
EP infants have increased strength in connections from frontal regions to several
parietal, predominantly occipital, regions and decreased strength in connections from
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frontal and temporal regions to several parietal, predominantly occipital and central,
regions. In QS, EP infants have stronger widespread and long-range connectivity and
the frequency domain separation of group-specific networks is even more prominent.

Figure 12: Group differences in functional cortical connectivity in AS at thresholds
2.5 (A) and 3.0 (B) for all frequency ranges. The color coding indicates connections
from the contrasts EP > HC (red) or EP < HC (blue). The central frequencies of
the frequency ranges are presented above each network. The networks marked with
an asterisk did not pass post-hoc correction, and the color of the asterisk indicates,
which network (red or blue) is in question.
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Figure 13: Group differences in functional cortical connectivity in QS at thresholds
2.5 (A) and 3.0 (B) for all frequency ranges. The color coding indicates connections
that are increased (red) or decreased (blue) in the early preterm infants compared
to healthy controls. The central frequencies of the frequency ranges are presented
above each network. The networks marked with an asterisk did not pass post-hoc
correction, and the color of the asterisk indicates, which network (red or blue) is in
question.
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6.3 Correlation to neuroscores
Based on the group difference networks and their ES and NS, the frequency bands
with the central frequencies 0.5 Hz, 0.7 Hz, 2.1 Hz, 6.4 Hz, and 16 Hz were chosen
for closer inspection in AS and the bands with the central frequencies 0.5 Hz, 1.2
Hz, 3.7 Hz, 6.4 Hz, and 16 Hz in QS. The main criteria for choosing the initial
frequencies of interests were high ES value, peaky ES value or interesting spatial
group differences in the network plots. The mean PPCs of the these networks were
computed against a set of clinical neuroscores to test correlation. The correlations
were computed primarily for the networks associated with the contrasts EP > HC
(increased connectivity). For the frequencies that showed significant correlation,
the correlation was also computed for the networks associated with the contrast
EP < HC (reduced connectivity) and the networks with no statistically significant
between-group differences (global networks) to study the extent of the network
associated with this correlation.

In AS, a correlation was found between the C2 neuroscores (cognitive development)
and the mean PPC values at frequency 2.1 Hz in the EP group but not in the HC
group (Fig. 14). The correlation was present in the EP group in the networks of
increased connectivity (R = 0.41, p = 0.011) and global connectivity (R = 0.42,
p = 0.008). However, this finding did not pass the multiple comparisons correction.
Still, the observation in this frequency band led to wonder, how broadly the effect
is present in the frequency domain and whether it is possible to capture it in a
neighbouring frequency band. The neighbouring frequency bands with the central
frequencies 1 Hz, 1.2 Hz, 1.5 Hz, 1.8 Hz, and 4.3 Hz were thus inspected. The effect
was seen in the frequency bands with the central frequencies 1.2–3.7 Hz, and the
correlation was the strongest at f = 1.8 Hz. The results of this frequency band are
presented in Fig. 15. Here the same effect can be seen in the EP infants as with
the central frequency 2.1 Hz but it is stronger. We see a positive correlation in the
networks of increased connectivty (R = 0.68, p < 0.001), decreased connectivity
(R = 0.35, p = 0.034), and global connectivity (R = 0.65, p < 0.001) as well as no
correlation in the HC group. The network EP > HC in this frequency band passed
also the multiple comparisons correction.

In QS, the significant correlations occured at 1.2 Hz. The neighbouring frequencies
1.5 Hz, 1.8 Hz, 2.1 Hz and 2.6 Hz were then inspected more closely to define the peak
of the effect. The correlation was present at all of these frequencies, and the strongest
correlation was found at f = 1.5 Hz with the contrast EP > HC (R = 0.49, p = 0.003).
However, this observation did not pass the multiple comparisons correction. The other
contrasts did not show any significant correlation. The results from this frequency
band are presented in Fig. 16. No significant correlations of HC infants were found
to any neuroscores in AS or QS.

We then asked, whether these correlations could be seen in other neurocognitive
scores, measured at two years of age. In AS, we found correlation to Griffiths
Motor and Bayley Language Production scores (R = 0.44, p = 0.005 and R = 0.43,
p = 0.019, respectively). In QS, the mean PPCs in EP > HC networks at this
frequency also showed some correlation to Griffiths Motor neuroscores (R = 0.39,
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Figure 14: Mean PPC correlation to C2 neuroscores at central frequency 2.1 Hz in
EP (left column) and HC (right column) infants in AS. The first row shows the
correlations with network EP > HC (red), the second with network EP < HC
(blue), and the last with the global network (grey). The EP infants show strong
correlation to C2 neuroscores, whereas the HC infants do not show correlation.
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Figure 15: Mean PPC correlation to C2 neuroscores at central frequency 1.8 Hz in
EP (left column) and HC (right column) infants in AS. The first row shows the
correlations with network EP > HC (red), the second with network EP < HC
(blue), and the last with the global network (grey). The correlation seen in EP
infants is even stronger than with the central frequency 2.1 Hz.
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Figure 16: Mean PPC correlation to C2 neuroscores at central frequency 1.5 Hz in
EP (left column) and HC (right column) infants in QS. The first row shows the
correlations with network EP > HC (red), the second with network EP < HC
(blue), and the last with the global network (grey). The EP infants present a
correlation at contrast EP > HC, which is not seen in HC infants.
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Figure 17: Mean PPC correlation to neurocognitive scores in EP infants. The top
panel shows the correlation of mean PPC to the Griffiths Motor score (left) and
the Bayley Language Production score (right) at central frequency 1.8 Hz in AS,
and the lower panel shows the correlation of mean PPC to the Griffiths Motor score
at central frequency 1.5 Hz in QS. The Bayley Language Production score did not
correlate with mean PPC in QS.

p = 0.019). These correlations are presented in Fig. 17. None of these correlations
passed the multiple comparisons correction.
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7 Discussion

7.1 Assessment of significant findings
The results show widespread differences between the connectivity networks of early
preterm (EP) and healthy control (HC) infants in both the spatial and the frequency
domain (Fig. 12–13). The strength of connectivity is higher in EP infants at low
frequency ranges in both AS and QS. In AS, EP infants were found to have both
increased and decreased connections in frequency bands with the central frequencies
of 1.8 Hz and 2.1 Hz. The increased connections extended from the frontal to
mostly occipital regions and the decreased connections from the frontal and temporal
to mostly occipital regions. These patterns are spatially distinct. By contrast,
at the frequency range of 13.3 Hz, the effects are vice versa: temporal-occipital
connections are increased and fronto-occipital connections decreased. In QS, the
group differences are even more distinct in the frequency domain, and EP infants have
stronger widespread connectivity in long-range connections at multiple frequency
ranges. All of these differences support the idea that functional phase connectivity
differs strongly between preterm and full-term infants. This finding supports the use
of phase connectivity analysis in monitoring the early brain development of preterm
infants.

The relationship between the strength of functional connectivity networks and
neurological outcomes was studied with both groups. Strong correlation was found
between different networks and the C2 neurological score in the EP group but not
the HC group (Fig. 14–16). The C2 score is measured at term-equivalent age and
is associated with cognitive development. Though many of the observations did
not pass multiple comparisons correction, there is strong support that an effect
exists. It is interesting that we see such a clear difference between groups, and this
difference could be harnessed as a biomarker for determining individuals at risk for
later neurocognitive deficits. Further, the results show that the effect is not restricted
to a certain network but is robust and even seen in the wider, unselected global
network. This is clinically valuable, because it suggests that the effect is broad and
does not require specific networks to be captured. The link between mean PPC and
later neurocognitive scores (Fig. 17), measured at two years of age, is not as clear.
However, during the first years of life there are large differences in the environments
of the subjects, which provides many confounding factors to the analysis.

7.2 Relation to previous literature and deliberation of un-
derlying physiology

Several studies have investigated the functional connectivity of EP infants with
different network analysis methods [13,89–91], but there is no thorough study on the
differences in the phase connectivity networks of EP and HC infants, and further
on the relationship of these networks to neurological and neurocognitive outcomes.
This study contributes to this research gap by using phase connectivity analysis to
meticulously scan large-scale interactions of brain regions at multiple narrow frequency
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ranges. This is performed according to the predefined and common pipeline of our
research group [13,14] and rigorous statistical testing with NBS Connectome [17].

The underlying physiology of the group differences in the significant networks is
yet to be discovered. One of the most significant findings regarding these differences
was the consistently increased network connectivity of EP infants at low frequencies.
It is known that activity at low frequencies drives the development of activity at higher
frequencies, related to higher cognitive functions, in self-organizing networks [25].
Thus, this finding could be a sign of a consistent delay in maturation, dysmaturity,
which is discussed in [92].

The correlation of mean PPC to neurological outcomes found solely in EP
infants is another major finding of this study. A possible explanation for the strong
correlation could lie in the fact that, as EP infants have dramatic disruptions in brain
volume [21, 22], the strength of the remaining connections is more critical to cortical
function. HC infants have a larger number of connections, which can possibly mask
the effect and provide more variable and flexible networks for cognitive development.
In addition, earlier studies have shown that the preterm infants are not a homogenic
group but have large variance in brain connections [7, 14]. Thus, individual network
patterns could have a more prominent effect on neurological performance.

7.3 Technical considerations
The most apparent technical limitation of this study is the low number of electrodes
(N = 19) used in the EEG recordings, compared to the number of cortical parcels in
source reconstruction (N = 58). This constraining factor was decreased by rejecting
the edges which did not pass the fidelity test explained in [14]. This summed up to
40 % of the initial edges.

One must also take into account the effects of preprocessing and analysis. The
filtering of EEG data always includes the possibility to unintentionally either empha-
size or diminish the true physiological signals, because it disregards activity outside
of the chosen frequency window [48]. Also, source reconstruction was performed on
a common head model for all infants. A more accurate localization of the underlying
source distribution would be achieved with individual head models. However, this is
not feasible to achieve in human infant studies. Finally, limitations of the dwPLI
metric include the possibility to ignore true zero-phase connections and misinterpret-
ing spurious connections as true interactions [55]. However, the group differences in
the phase connectivity networks and correlations to outcomes were so strong, that
these potential confounding factors should not affect the results.

Multiple comparisons can produce false inferences if not corrected. In this study,
the possibility of a multiple comparisons issue was ruled out on component level
by the internal FWER correction of NBS and on network and correlation level by
conducting post hoc correction with the Benjamini-Hochberg method. The number
of correlations was very large, especially in the correlation computations, which led
to the rejection of many results. However, in clinical studies, the focus is more on
the existence of phenomena, and the level of strictness in statistical testing can vary
from purely scientific studies. Thus, though a certain care must be employed when
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interepreting the results, the found effects are plausible. It is significant that also
correlations which passed such a strict threshold were found.

In addition, it should also be noted that the effect sizes were computed with the
Cohen d method, which tends to bias positively, i.e., give a stronger ES than the
true value, when computed post hoc [80]. We computed it only for the significant
edges, which might make our effect size estimates larger than the expected value
would be. However, the effect sizes were not observed in an absolute sense, but rather
as indicators of which frequencies embody the largest effects.

Finally, as brain connectivity develops rapidly during the first weeks of life, it is
crucial to consider the age of individuals at measurement. In this study, the ages of
the subjects at measurement were used as a regressor in both NBS and correlation
computations, so the ages differences at measurement do not confound the results.

7.4 Future directions and conclusions
The next efforts should focus on capturing the actual frequency range of the effect
and learning more about the underlying physiology. The found effects are very
broad in frequency, which implies that they could perhaps be captured better with
broader frequency bands. In addition to revealing the effects more profoundly, these
investigations would also test whether the effects are still significant with broader
bands and reduce the number of variables. The methods should also be applied
to a different and ideally larger dataset to verify the results. Finally, with more
dense EEG measurements including a larger number sensors, it might be possible
to explore the extent of the networks that drive the found correlation between
functional connectivity and outcomes. It is most likely that the actual network
that drives this effect is, in fact, not the contrast between the two groups but a
different subnetwork which overlaps these contrast networks but is not constrained
to them. As discussed in Section 7.3, with the current 19-channel EEG recordings, it
is unfeasible to distinguish explicit networks.

The results of this study give important insight on the structural differences
of preterm and full-term infant connectivity networks and point out prominent
correlations to later outcomes. The results together suggest that prematurity affects
not only the cortical networks, but also their relationship to neurological performance.
This effect showed with multiple choices of network, which hints of a strong effect
that might be captured with even simpler computations, making the method more
practical for clinical use. The measures of phase-based cortical connectivity may
thus offer a potential functional biomarker in the early neurodevelopment, which
could be valuable for benchmarking early therapeutic interventions.
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