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1.1. Newborn Brain Physiology

1.1.1. Extrauterine Transition

In the human experience, the most rapid and intricate physiological adaptation takes
place during the transition from a foetus to a newborn. The newborn's survival
requires a swift transition before medicalisation of the delivery becomes necessary.
To some degree, all organ systems are engaged, but the primary immediate
adaptations are the cardiovascular adjustments to pressure and flow and the
establishment of air-breathing (Hillman et al., 2012). Initiation of breathing is
facilitated by clearance of foetal lung fluid in the airspaces within the lung during
labour and after birth (Jain & Eaton, 2006). Surfactant is released by type Il
pneumocytes within the alveoli, starting late in gestation, reducing the surface
tension at the air-liquid interface within the alveoli. This reduction in surface tension
is vital for establishing functional residual capacity and preventing alveolar collapse,
thereby ensuring efficient gas exchange (Faridy & Thliveris, 1987; Hallman, 2013).
Significant changes take place in the cardiovascular system of a newborn following
birth. Physiological cord clamping ends the infant’s dependence on the placenta, as
the primary site for foetal gas exchange and nutrition. The cardiac output increases
to facilitate the rise in basal metabolism and the work of breathing. The circulation
pattern transitions from foetal (parallel) to adult-like (series) resulting in equivalent
output of right and left ventricles to the pulmonary and systemic circulations,

respectively (Hillman et al., 2012).

The newborn transition can be assessed using five signs evaluated at five minutes

after birth in the Apgar score: heart rate, respiratory effort, reflex irritability/response,
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muscle tone, and colour (Apgar, 1966; Drage et al., 1964). Each parameter is scored
from 0 to 2, resulting in a total score ranging from 0 to 10, with a score of 10 indicating
that the infant is "in the best possible condition". Apgar scores are typically
categorised as low (0-3), intermediate (4-6), and normal (7-10) (Apgar, 2015). They
are evaluated at 1 minute, 5 minutes, and then every 5 minutes until the score

exceeds 7 (Thorngren-Jerneck & Herbst, 2001).

1.1.2. Common Complications in Neonatal Care

Prematurity

According to the World Health Organisation (WHO), preterm birth is defined as birth
prior to 37 completed weeks of gestational age and can be subdivided into three
categories: extremely preterm (< 28 weeks), very preterm (28-32 weeks) and
moderate-to-late preterm (32-37 weeks) infants (World Health Organisation, 2023).
Very Low Birth Weight (VLBW) is often associated with preterm birth, particularly with
extremely and very preterm infants. VLBW is a term used to describe infants who are
born weighing less than 1500 grams (Stoll & Hansen, 2003). It is understood that the
risks of preterm birth increase with decreasing gestational age (GA) (Marlow, 2012).
Immature cardiorespiratory physiology in preterm infants challenges the rapid and
successful physiological transition to extrauterine conditions in terms of fluid
dynamics in the lung, lack of surfactant, immature respiratory control network, poor
cardiac output, limited pulmonary perfusion and the presence of anatomical shunts.
Preterm infants are therefore at risk of hypoxia (hypoxic hypoxia and/or ischaemic
hypoxia) and inflammation. Lung damage arising from resuscitation procedures and

associated interventions including mechanical ventilation and supplemental oxygen
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can also cause iatrogenic harm compounding infant morbidity (Hillman et al., 2012).
Head circumference in preterm infants provides valuable insights into brain growth
and development, typically being smaller than that of term infants, and is associated

with brain injury (Ahn, 2011).

There are several potential causes of premature birth. Intrauterine infection in the
mother, such as urinary tract infections or sexually transmitted infections, can
increase the risk of preterm birth by triggering a cascade of inflammatory processes
(Slattery & Morrison, 2002; Zhou et al., 2010). These infections introduce pathogens
into the uterine environment, activating the maternal immune system to release
proinflammatory cytokines like interleukin-6 (IL-6), interleukin-1p (IL-1B), and tumour
necrosis factor-alpha (TNF-a). This inflammatory response weakens the foetal
membranes, increases their susceptibility to rupture, and stimulates uterine
contractions (Annells et al., 2004; Cappelletti et al., 2016). Furthermore, studies using
animal models have shown that systemic inflammation can lead to significant
cardiorespiratory disturbances in neonates, including severe apnoea’s and
bradycardias. This occurs as the inflammatory response affects brainstem centres
responsible for respiratory and cardiovascular regulation, disrupting normal

autonomic control (Nault et al., 2022; Kausch et al., 2024).

Maternal chronic health conditions, such as thyroid disease, asthma, diabetes, and
hypertension, are linked to higher incidences of premature birth (Goldenberg et al.,
2008). Incompetent cervix is another risk factor for premature birth. As labour
approaches, the cervix undergoes changes such as shortening, softening, rotating

forward, and opening. Research has found that a cervical length shorter than 25 mm
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indicates a higher risk of preterm birth (lams et al., 1996; Andrews et al., 2000).
Furthermore, vaginal bleeding resulting from placental abruption or placenta previa
can disrupt the flow of oxygen and nutrients to the foetus and is linked to a
significantly elevated risk of premature delivery (Krupa et al.,, 2006). Each of the
following factors—high levels of stress, smoking, drug use, and alcohol consumption
during pregnancy—can significantly increase the risk of premature birth (Zuckerman
et al., 1989; Orr et al., 2002; Tracy et al., 1997; Bermudez et al., 2002). Moreover,
pregnancies involving multiple babies (e.g., twins or triplets) pose a significant risk for
preterm birth, accounting for 15-20% of all preterm deliveries. It is believed that
uterine overdistension plays a key role in triggering contractions and preterm
premature rupture of the membranes, contributing to the increased rate of

spontaneous preterm births (Romero et al., 2006).

Premature birth can have significant consequences for both the infant and the
mother. Preterm neonates often suffer from respiratory distress syndrome (RDS), a
condition that arises when their premature lungs are not fully developed and do not
produce sufficient surfactant to keep the alveoli in the lungs patent (Jobe & Bancalari,
2001; Baraldi & Filippone, 2007). The systemic hypoxia and reduced oxygen delivery
associated with RDS, or other complications of prematurity can contribute to
necrotizing enterocolitis (NEC), an inflammatory condition that damages the
intestines. NEC poses a serious threat to premature infants, potentially leading to
intestinal perforation and sepsis (Neu & Walker, 2011). Additionally, the kidneys'
limited ability to excrete acids and reabsorb bicarbonate in preterm infants disrupts
the maintenance of pH and fluid homeostasis, impairing their capacity to regulate

acid-base balance and manage blood volume effectively. As a result, these
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deficiencies can worsen metabolic imbalances and complicate fluid management in
this vulnerable group (Rubin et al., 1961; Edelmann et al., 1967). Moreover, preterm
infants are at an increased risk of brain injuries, including white matter injury,
intraventricular haemorrhage (IVH), and cerebellar haemorrhage. These forms of
brain injury are associated with neurological disorders such as cerebral palsy,
characterised by impaired movement and coordination, as well as delays in cognitive,
language, social-emotional and adaptive development (Inder et al., 2023; Ballabh,
2010; Doyle & Anderson, 2010). Compared to full-term infants, preterm infants are
more susceptible to cognitive deficits such as lower intelligence quotient scores and
academic performance challenges; these deficits may persist into adolescence and

adulthood (Bhutta et al., 2002; Drummond et al., 2019).

Hypotension

Exactly how one defines low blood pressure in premature infants, and how it is
managed, especially in those born before 28 weeks, remain topics of debate. (Rabe &
Rojas-Anaya, 2017; Cox & Groves, 2012). One method of defining abnormal blood
pressure is based on normative values. Hypotension is often defined as persistent
systolic and/or diastolic blood pressure more than two standard deviations below the
normal mean values (Fanaroff & Fanaroff, 2006). However, blood pressure is
correlated with both gestational age and birth weight and increases daily during the
first week of life. Thus, for preterm infants, determining the normal blood pressure

for their age is still a challenge.

Another definition of hypotension is based on the onset in the reduction of cerebral

blood flow (CBF). The mean blood pressure at which CBF autoregulation is impaired,
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known as the autoregulatory blood pressure threshold, is widely accepted as the
definition of hypotension (Seri, 2001). Generally, at this level, cellular function and
structural integrity are not impacted due to increased cerebral fractional oxygen
extraction (CFOE), vascular vasodilation, and a leftward shift in the haemoglobin-
oxygen dissociation curve (Munro et al., 2004; Kissack et al., 2005). The specific mean
arterial blood pressure level at which cerebrovascular autoregulation fails in preterm
infants is unknown. However, some studies report that this threshold might be around
28 to 30 mm Hg, even in infants with extremely low birth weights (Munro et al., 2004).
When blood pressure drops further, a functional blood pressure threshold is reached
where brain function is compromised. The exact mean arterial blood pressure at
which this occurs in very preterm infants is not known, but it is thought to be around
24 mm Hg during the early days after birth (Victor et al., 2006; Kissack et al., 2005;
Weindling & Subhedar, 2007). Finally, if blood pressure decreases further, it
approaches an ischaemic blood pressure threshold, at which cell viability is
jeopardised (MclLean et al., 2012). While the ischaemic blood pressure threshold in
VLBW neonates on their first day after birth remains uncertain, it is thought to
possibly be lower than 20 mm Hg (Victor et al., 2006; Victor et al., 2006). However, it
is important to highlight the fact that there is no prospectively gathered data on the

mortality and morbidity associated with these varying blood pressure thresholds.

Currently, the most common criterion for diagnosis of hypotension in preterm infants
is a mean blood pressure lower than a threshold, often determined as the mean blood
pressure (in mm Hg), being less than the infant's gestational age, measured in
completed weeks (Dempsey et al., 2021). In hypotensive preterm newborns, reduced

cerebral blood flow (Bgrch et al., 2010; Munro et al., 2004) and impaired cerebral
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autoregulation (CA) (Tsuji et al.,, 2000; Wong et al.,, 2008) are important
pathophysiological mechanisms in the brain and are associated with increased rates
of intraventricular haemorrhage (IVH), ischaemic cerebral lesions, and death (Miall-
Allen et al., 1987). However, treatment for hypotension is also linked with poor
neurodevelopmental outcome (Batton et al., 2009). Despite the lack of evidence to
support such methods, many preterm newborns continue to receive interventions for
low blood pressure (Dempsey & Barrington, 2007). A study on preterm piglets showed
that saline infusion failed to increase blood volume or prevent cardiovascular decline
(Eiby et al., 2023). The most popular course of treatment is dopamine infusion after
a volume bolus (Stranak et al., 2014). Although dopamine often raises blood pressure,
its short- and long-term consequences are unknown (Subhedar et al., 1996). There
are concerns that inotrope therapy such as this may be linked to an increase in
intraventricular haemorrhage (IVH) prevalence and unfavourable long-term
outcomes (Faust et al., 2015; Batton et al., 2016). As such, a more restrictive
approach, known as permissive hypotension, has been proposed (Dempsey et al.,
2009). This treatment suggests that infants with blood pressure lower than their
gestational age, yet displaying signs of good clinical perfusion, are carefully monitored

instead of receiving immediate treatment (Dempsey et al., 2009).

The multicentre randomised trial, Management of Hypotension in Preterm Infants
(HIP), investigated different approaches to treating hypotensive infants born before
28 weeks of gestational age. Participants were randomly assigned to receive a saline
bolus followed by either a dopamine infusion (standard treatment) or a placebo
infusion (restrictive approach). Unfortunately, the study was ultimately not powered

sufficiently to identify any significant differences in clinical outcomes between the
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two groups, likely due to strict inclusion criteria and low recruitment (Dempsey et al.,

2021).

Cerebral Autoregulation

Cerebral autoregulation (CA) is a complex physiological mechanism that maintains
relatively constant cerebral blood flow (CBF) despite variations in cerebral perfusion
pressure (CPP). This autoregulatory process is crucial for ensuring that the brain
receives a stable supply of oxygen and nutrients, which is essential for normal brain
function and metabolism (Paulson et al., 1990). CA operates primarily through
alterations in the diameter of cerebral blood vessels; when CPP increases, cerebral
vessels constrict to reduce blood flow, and conversely, they dilate when CPP
decreases (Silverman & Petersen, 2020). The prevailing hypothesis is that there are
specific maximum and minimum thresholds in the regulation of vascular resistance
and the maintenance of CA within these limits is generally illustrated as the
autoregulatory plateau (Greisen, 2005). However, the upper and lower thresholds of
cerebrovascular autoregulation are not yet known. This uncertainty is partly because
these thresholds may vary among infants and even within the same infant, potentially
influenced by various factors like the gestational (GA) and postnatal age (PA) as well
as the partial pressure of carbon dioxide (Rhee et al., 2016; Hoffman et al., 2018). In
other words, CA has a dynamic nature and can undergo changes due to evolving brain

injury and/or because of ongoing medical supports (Rhee et al., 2018).

The typical mechanistic representation of CA is a sigmoid-shaped curve, showing
stable cerebral blood flow (CBF) over a certain cerebral perfusion pressure (CPP)

range, with pressure-passive CBF outside this range (as illustrated in Figurel.1.). The
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functional autoregulation range, termed the autoregulatory plateau, is defined by the
upper limit of autoregulation (ULA) and the lower limit of autoregulation (LLA).
Cerebral vasoreactivity is operational only within this plateau range. When CPP is
above the ULA or below the LLA, CBF becomes passive to blood pressure changes due
to reduced vasoreactivity, placing the brain at risk of either hyperaemic or
hypoperfusion injuries (Rhee et al., 2018). When CA is impaired, a decrease in mean
arterial blood pressure can lead to a corresponding reduction in cerebral blood flow.
This could result in inadequate oxygen and nutrient supply to the brain, potentially
causing ischaemic hypoxia injury. Conversely, an increase in mean arterial blood
pressure may lead to a proportional rise in cerebral blood flow, resulting in cerebral
hyperperfusion which increases the risk of blood vessel rupture causing severe
intraventricular haemorrhage and mortality (Toth et al., 2016). Infants who developed
periventricular-intraventricular haemorrhage (PIVH — a haemorrhage that occurs
when vessels of the germinal matrix in the periventricular area rupture, which can
then extend into the ventricles as IVH) usually exhibit cerebral hyperperfusion and
non-responsive cerebral blood flow under varying arterial blood pressure conditions
before the development of severe PIVH. There is also correlation between regional
cerebral oxygen saturation (rcSO2) and arterial blood pressure that could indicate a
lack of CA in neonates with PIVH (Tsuji et al., 2000; O'Leary et al., 2009; Alderliesten

et al., 2013).
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Figurel.1. Cerebral autoregulation in relation to vascular response

Whether preterm infants are born with intact cerebrovascular autoregulation, or if
this capability develops gradually after birth remains a topic of research. CA is
hypothesised to improve between 23 and 33 weeks of gestation (Rhee et al., 2014).
Infants born during this time may exhibit immature vasoreactivity that is necessary to
maintain CA (Rhee et al., 2018). It is also likely that premature infants face more
physiological challenges which leads to changes in metabolism and fluctuations in
perfusion pressure outside of the functional regulatory range which currently limit
broad conclusions on the autoregulatory curve (Vesoulis & Mathur, 2017). Two
studies revealed fully functional cerebrovascular autoregulation in all preterm infants
they examined. These studies included preterm infants who were receiving high-
frequency oscillatory ventilation and infants being treated for low blood pressure
(Noone et al., 2003; Wardle et al., 2000). Conversely, Boylan et al. (2000) investigated
dynamic autoregulation by measuring cerebral blood flow velocity (CBFV) and arterial
blood pressure (ABP). They discovered a complete lack of autoregulation in both

'high-risk' preterm infants (characterised by cerebral issues like seizures or
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intraventricular haemorrhage) and in their control group of preterm infants (Boylan
et al.,, 2000). Similarly, Soul et al. (2007) observed impaired cerebrovascular
autoregulation approximately 20% of the time using near-infrared spectroscopy
(NIRS) in 87 out of 90 extremely preterm infants during their first five days after birth
(Soul et al., 2007). It has been proposed that the autoregulatory plateau range and
the position of lower and upper limits are narrower and lower in preterm infants

compared to term infants (Wong et al., 2012) (Figurel.1).

1.2.  Brain Injuries in Infants

1.2.1. Intraventricular Haemorrhage (IVH)

Intraventricular haemorrhage (IVH) is defined by bleeding within or near the
ventricles of the brain where cerebrospinal fluid is located. IVH is common in infants
born before 32 weeks of gestational age and particularly high in those born before 27
weeks of gestational age and is closely associated with neurodevelopmental
disabilities (Yeo et al., 2020; Mukeriji et al., 2015). Studies have consistently shown
that male infants have a higher incidence of IVH compared to females, although the
exact reasons for this sex difference are not fully understood. Factors such as
hormonal influences and differences in brain development, however, may contribute

to this disparity (Tioseco et al., 2006; Cuestas et al., 2009).

IVH primarily results from the vascular immaturity and the consequential injury can
be dramatic as it often occurs near the germinal matrix, a highly vascularised region
of the brain which contains stem cells amongst other cell types and from where cells

migrate during brain development (Gilard et al., 2020).

Page 36 of 321



The classification of IVH into four grades is based on the extent and location of the
bleeding. Grade | involves limited germinal matrix haemorrhage, affecting less than
10% of the ventricle. Grade Il is characterised by IVH spreading into the ventricle
without enlarging it, occupying no more than 50% of the ventricular space. Grade |l
IVH involves blood filling and expanding the ventricular system, affecting more than
50% of the ventricular space. Grade IV, the most severe, involves periventricular
venous infarction, indicating extensive IVH with involvement of surrounding brain
tissue (McCrea & Ment, 2008; Hinson et al., 2010; Larroque et al. 2003). A study of
2,386 VLBW infants revealed the incidence rates for Grades | to IV IVH as 25.1%, 7.0%,
4.8%, and 5.5%, respectively (Ahn et al., 2015). There is a direct correlation between

severity of IVH grade and increasingly adverse outcomes (Bolisetty et al., 2014).

Infants with IVH can clinically present in various ways; the condition may be silent,
showing no symptoms at all, or have a saltatory presentation whereby symptoms such
as altered consciousness, low muscle tone, respiratory distress, and changes in eye
movements emerge within a few hours after birth. In more severe cases, known as
catastrophic IVH, symptoms can develop rapidly, from minutes to hours after birth,
and include seizures, stupor, coma, rigid posture, muscle weakness, and a swollen soft

fontanelle (Robinson, 2012; Ballabh, 2010).

The presence of blood within the ventricles as a result of IVH, can lead to an increase
in intracranial pressure (ICP), disrupting normal cerebral blood flow (CBF). This
disruption can cause cerebral hypoxia, depriving the brain tissue of essential oxygen
and nutrients (Volpe, 1998; Baburamani, et al., 2012; Vesoulis et al., 2019; Ballabh &

de Vries, 2021). The haemorrhage also triggers inflammation and the release of
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neurotoxic substances, exacerbating brain injury. The resulting blood clot can obstruct
cerebrospinal fluid (CSF) pathways, leading to post-haemorrhagic hydrocephalus,
which further elevates intracranial pressure and aggravates brain injury (Baburamani,
et al.,, 2012; Leviton et al.,, 2013; Ballabh & de Vries, 2021; Chen et al., 2021).
Furthermore, the blood loss and hypoxia associated with IVH can induce apoptosis of
oligodendrocyte precursor cells (Oligodendrocytes are responsible for myelination in
the developing brain). Oligodendrocyte precursor cells are highly vulnerable to
hypoxic-ischemic injury, and their loss leads to a failure of normal myelination (Kuo &
Huang, 2021; Ballabh & de Vries, 2021). The lack of myelination is crucial because
myelin is essential for the speed of conduction of nerve impulses, and its deficiency
disrupts neural communication, leading to both motor and cognitive deficits (Ballabh
& de Vries, 2021). Preterm infants with IVH often face myriad developmental
challenges: low scores in psychomotor and mental development, a high occurrence
of cerebral palsy, and visual impairments. The severity of these developmental issues
generally increases with the increasing severity of IVH (Bolisetty et al., 2014). In the
short term, IVH can lead to significant complications like post-haemorrhagic
hydrocephalus (PHH) and periventricular leukomalacia (PVL). In the long term, it can
result in a range of cognitive, physical, and behavioural abnormalities (Klebermass-

Schrehof et al., 2012; McCrea & Ment, 2008).

Cranial ultrasonography (CUS) is recommended for all preterm infants under 30
weeks, ideally conducted once between 7-14 days of age and again between 36- and
40-weeks’ postmenstrual age. This screening is crucial for detecting conditions such
as IVH, which can impact clinical care, as well as the progression of PVL, offering

insights into long-term neurodevelopmental outcomes (McCrea & Ment, 2008; Ment
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et al., 2002). Bedside assessment with CUS is a cost-effective, non-invasive method
that causes minimal disturbance to infants. However, it is less sensitive in the
detection of white matter abnormalities like PVL, compared to magnetic resonance
imaging (MRI). Despite the increased sensitivity of MRI, data supporting its use in
predicting adverse neurodevelopmental outcomes in premature infants remains
limited (Ment et al., 2002, Rademaker et al., 2005; Leijser & Cowan, 2007; Panigrahy

etal., 2012).

Near Infra-Red Spectroscopy (NIRS), another non-invasive, yet continuous bedside
tool, complements these techniques by monitoring cerebral oxygenation and is often
used as a surrogate measure of blood flow. It is especially useful in NICUs for real-
time tracking of conditions that indicate IVH risk, aiding in early intervention and
potentially improving outcomes. However, its routine clinical use has yet to be

established (Noori et al., 2014; Verhagen et al., 2010; Alderliesten et al., 2013).

While there is no definitive treatment for IVH, the typical approach involves managing
blood pressure, intracranial pressure, and respiratory stress in neonates. This includes
preventing complications such as re-bleeding and addressing any coagulation
disorders to blunt IVH progression. Additionally, IVH management focuses on
screening and treating related sequelae like PHH and PVL (Shooman et al., 2009;
McCrea & Ment, 2008; Hinson et al., 2010). Temporary surgical management of
severe IVH can prevent PHH development prior to ventriculoperitoneal shunting, the
ultimate treatment for PHH, effectively diverting cerebrospinal fluid in affected

infants. However, PVL is associated with poor long-term outcomes, shunt infections,
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and risk of shunt obstructions leading to shunt failure (Shooman et al., 2009;

Robinson, 2012).

Alderliesten et al. (2013) suggested a correlation between cerebral hypoperfusion
and PIVH. Research to date however has not determined if low cerebral oxygenation
contributes to IVH, or if it should be considered a consequence of IVH. Vesoulis et al.
(2019) found in a longitudinal multi-centre study that there was a connection
between severe hypoxaemia during the first week of life and severe IVH. Sorensen et
al. (2008) also observed that infants who experienced reduced cerebral oxygenation
on the first day after birth were more likely to develop IVH later. Additionally, Pichler
et al. (2019) suggested that neonates who developed IVH within the first week after
birth had lower cerebral rcSO; values immediately following birth compared to those
who did not develop IVH. Peng and colleagues (2015) suggested that there is a
significant difference in cerebral oxygenation during the first 12 hours of life between

infants with and without evidence of IVH on MRI examination.

More recently, Vesoulis et al. (2021) investigated the influence of different grades of
IVH and white matter injury on brain oxygenation in preterm infants. They noted that
IVH was associated with a decline in cerebral oxygen saturation, that could continue
for 68 days in some cases. This result was more obvious in infants with severe IVH. It
has been argued that this extended cerebral oxygen desaturation might increase the
risk for further cerebral injuries. Similarly, Verhagen et al. (2010) postulated that
preterm infants developing germinal matrix haemorrhage - intraventricular
haemorrhage (GMH-IVH) had lower rcSO, and greater fractional tissue oxygen

extraction (FTOE) during the following 2 weeks after birth compared to infants
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without GMH-IVH. Increased FTOE represents either increased oxygen consumption
or an increase in ability to extract oxygen in the presence of low blood flow. The
decrease in rcSO; occurring after IVH, can cause a secondary injury (Vesoulis et al.,

2021).

The reduction in cerebral oxygenation following IVH can be attributed to two factors:
The presence of blood in the extravascular space in infants with IVH and impaired CA.
The presence of extravascular blood in infants with IVH can absorb infrared light and
may contribute to the "cerebral" saturation readings detected by the NIRS monitor
although it remains in a deoxygenated state. Since a single-sensor NIRS device is
unable to differentiate between intravascular and extravascular blood, this
desaturated pool may theoretically lower the overall measured cerebral saturation by
being averaged with the oxygenated blood still in circulation (Vesoulis et al., 2021).
Furthermore, impaired CA contributes to the reduction in cerebral oxygenation.
Evidence strongly indicates that the autoregulatory system is less robust and
developmentally immature in preterm neonates, making it particularly vulnerable to

the effects of IVH (Soul et al., 2008; Vesoulis et al., 2016; Wong et al., 2008).

Ng et al. (2019) suggested that infants with IVH spent a greater percentage of time in
hypoxia than those without, in the first 24 hours of life. Alderliesten et al. (2013)
proposed that a temporary increase in cerebral oxygenation may result in decreased
oxygen utilisation and contribute to IVH. It has also been suggested that following
IVH, there could be alterations in brain metabolism leading to increased extraction of
cerebral tissue oxygen and subsequently significant desaturation of cerebral blood

oxygen, which might play a crucial role in white matter injury. Ment et al. (1984)
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indicated that reduced CBF could be due to the presence of the haemorrhage itself.
While it remains uncertain if there is a direct link between hypoxemia and IVH, severe
hypoxaemic burden during the first week of life likely contributes partially to brain

injury in preterm infants (Vesoulis et al. 2019).

1.2.2. Hypoxic Ischaemic Encephalopathy (HIE)

Hypoxic-ischaemic encephalopathy (HIE) can occur in both term and preterm infants
but is less well defined and more complex in preterm infants (Gopagondanahalli et
al., 2016). In term infants, HIE is still a cause of significant neurological impairment

despite the increasing application of therapeutic hypothermia (Kurinczuk et al., 2010).

Perinatal asphyxia stands as a primary cause of HIE. Intrauterine asphyxia is often
caused by poor placental blood flows due to either umbilical cord occlusion, cord
wrapped around the neck, cord prolapse, or poor gas exchange, arising from foetal
issues like bradycardia, thrombosis, and haemorrhage or maternal complications such
as preeclampsia, placental abruption, maternal hypotension, severe anaemia,
asthma, and chronic vascular diseases. After birth, asphyxia is typically a result of
neonatal respiratory failure caused by conditions like severe hyaline membrane
disease, meconium aspiration syndrome, pneumonia, or congenital heart defects
(Barkovich, 2005; Barkovich et al., 2001; Zarifi et al., 2002; Ferriero, 2004; Shalak &

Perlman, 2004).

The degree and duration of the hypoxia determines the extent of brain injury, though
this is not currently well defined in absolute terms. Mild-moderate reductions in
cerebral blood flow can be compensated by redistributing blood flow from the

anterior circulation to the posterior circulation, ensuring sufficient perfusion of critical
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brain regions such as the brainstem, cerebellum, and basal ganglia (Macnab, 2020).

Severe hypoxia can cause damage to vital brain regions such as the basal ganglia and

Thalami (Harteman et al. 2013).

Though the aetiology of hypoxic-ischaemic encephalopathy is heterogenous, cerebral
hypoxic ischaemic injury has common pathophysiological consequences that can be
summarised as follows; the primary phase of injury or the acute phase is marked by
reduced oxygen and glucose delivery to the brain, leading to anaerobic metabolism,
decreased ATP production, and increased lactic acid levels, culminating with energy
failure and acidosis leading to cell death (Wassink et al. 2014). Following the acute
phase, a partial recovery may occur lasting from 1 to 6 hours, which is characterised
by recovery of oxidative metabolism and inflammation. A secondary deterioration
occurs within approximately 6 to 15 hours after the initial insult, in neonates with
moderate to severe injury. This phase is associated with “secondary energy failure”
which leads to cell death, clinical deterioration, and seizures (Bennet et al. 2006;

Wassink et al. 2014).

Currently, there is no bedside tool for precisely diagnosing HIE in newborns. Instead,
HIE is identified by observing neurological symptoms indicative of neonatal
encephalopathy. Key signs of this condition include reduced consciousness often
accompanied by respiratory issues, abnormalities in muscle tone and strength,
disturbances of cranial nerve functions, and seizures (Volpe, 2012). Diagnosis also
requires evidence of low Apgar scores and metabolic acidosis, observed in arterial
cord blood gas. It is widely recognised that a low pH (<7.10) or a high base deficit (>12

mmol/L) are linked to poor outcomes (Yeh et al., 2012; Malin et al., 2010). pH and
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base deficit are primarily utilised as screening tools for encephalopathy and are
incorporated into the scoring systems used to determine the initiation of therapeutic

hypothermia (TH) (Azzopardi et al., 2008).

Newborns suspected of having HIE are assessed using the Sarnat staging system
(Sarnat & Sarnat, 1976). This system measures various factors including
consciousness, muscle tone, tendon reflexes, complex reflexes, and autonomic
function. Based on this, neonatal HIE is categorised into three levels: stage | (mild),
stage Il (moderate), and stage Il (severe). To determine eligibility for hypothermia
therapy, a modified version of the Sarnat staging system is used (Chalak et al., 2018).
In newborns with HIE, monitoring, prognosis, and response to hypothermia therapy
are evaluated using a blend of neurological examination, magnetic resonance imaging
(MRI), and electroencephalography (EEG) (van Laerhoven et al., 2013). However,
there are challenges to applying this additional monitoring. For example, severely ill
neonates might not be stable enough to be transported for a brain MRI or to endure
the duration of the MRI scan. Additionally, hypothermia therapy can reduce the
effectiveness of amplitude-integrated EEG (aEEG) in early prognosis. It is also noted
that improvements in aEEG readings might only become apparent after the
rewarming process and when sedation has ceased (Thoresen et al., 2010).
Furthermore, these existing technologies fail to provide all the essential physiological
data required for continuous monitoring of changes in the newborn brain. Therefore,

there is space for new or improved bedside tools to monitor these patients over time.

Therapeutic hypothermia (TH) is the accepted treatment for newborns with HIE. This

approach involves maintaining a mild hypothermia of ~ 33.5°C to 35.0°C. Large
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multicentre studies have provided evidence to support TH as a safe and effective
intervention (Azzopardi et al., 2009; Gunn et al., 2008; Shankaran et al., 2005). A
recent meta-analysis, which examined outcomes from seven hypothermia trials
involving 1214 neonates randomised to either cooling or standard care, found that
TH significantly lowers the risk of death or serious neurodevelopmental issues at 18

months for neonates with moderate to severe HIE (Tagin et al., 2012).

Currently, there are two primary methods of TH: whole-body cooling and selective
head cooling. Both methods are equally effective, but whole-body cooling is more
commonly used due to its lower cost and ease of application (Douglas-Escobar &
Weiss, 2015). Meta-analysis also indicates that there is no significant difference in
reducing long-term neurological problems between these two cooling methods (Tagin
et al., 2012). It is recommended that TH is initiated within six hours following birth
(Kattwinkel et al., 2010). However, given the undefined aetiology of HIE, the
therapeutic window for therapy may extend up to 12 hours post-partum (Jia et al.,

2018).

Infants diagnosed with HIE often exhibit significant long-term neurodevelopmental
impairments, including behavioural and cognitive impairments (Van Handel et al.,
2007), developmental delays (Belet et al., 2004), and motor deficits (van Schie et al.,
2015). Previously, it was considered that infants with mild HIE would have normal
developmental outcomes (Sarnat & Sarnat, 1976). However, recent insights reveal
that these infants are at a higher risk for negative neurodevelopmental consequences,
particularly in areas such as learning, emotional, and behavioural challenges (Conway

et al., 2018).
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1.3.  Physiological Monitoring and Brain Imaging in Early Life

1.3.1. The Role of MRI and Ultrasound in the Classification of Neonatal Brain
Injuries
Neuroimaging techniques like ultrasound (US), and magnetic resonance imaging
(MRI) are helpful in identifying and characterising the precise location, scope, and
severity of brain injuries in preterm and term infants (Bano et al., 2017). There are
two imaging techniques that are used, T1 and T2. These techniques differ in the
intervals between radio frequency pulses and capture of the echo signal. MRl is the
most precise and sensitive diagnostic tool for assessing suspected Hypoxic-Ischaemic
Encephalopathy in newborns (Bano et al., 2017). In MRI scans, injury to grey matter
(including the cortex and deep grey matter) caused by hypoxic-ischaemic events is
typically visually apparent as increased signal intensity on T1-weighted images and
varied signal intensity on T2-weighted images. The appearance of injury on T2 images
can change based on the duration since the initial injury relative to performing the
MRI and the specific type of brain damage, like haemorrhage, encephalomalacia, or
gliosis. Injuries to white matter are observed as decreased signal intensity on T1-
weighted images and increased signal intensity on T2-weighted images, often due to
oedema or cystic encephalomalacia resulting from ischaemia (Barkovich, 2005;

Hippi, 2002).

In full-term newborns, mild to moderate hypoxic-ischaemic (Hl) injuries often lead to
infarcts in the watershed areas located between the anterior/middle cerebral artery
and the middle/posterior cerebral artery (Badve et al.,, 2012; Moghaddam et al,

2024). These infarcts affect both the cortex and the underlying subcortical white
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matter. In cases of severe Hl injury, the damage typically coincides with regions of high
metabolic activity, such as the ventrolateral thalami, posterior putamen, hippocampi,
brainstem, corticospinal tracts, and sensorimotor cortex. Damage to the basal ganglia
(BG) is more frequent than the parasagittal pattern and is associated with a poorer

prognosis (Barkovich, 2005; Barkovich, 2001; Heinz & Provenzale, 2009).

The Barkovich MRI scoring system evaluates brain injury in neonates with perinatal
asphyxia, focusing on patterns of damage in deep grey matter and watershed zones.
It includes several scores: the basal ganglia (BG) score (0-4), the watershed (W) score
(0-5), the combined basal ganglia/watershed (BG/W) score (0-4), and the summation
(S) score, which is the arithmetic sum of BG and W scores (0-4). Each score assesses
different aspects of brain damage, with higher scores indicating more extensive injury.
This system helps in evaluating the extent and severity of brain injury in affected

neonates (Barkovich et al., 1998).

MRI is a valuable diagnostic tool for early detection of lesions in preterm infants, but
it poses numerous challenges in the context of critically ill infants. Firstly, the
procedure is costly due to the infrastructure around this advanced technology and
the requirement for expertise both in performing the technique and evaluation of the
arising images. Secondly, MRI scans are time-consuming and require patients to
remain still for extended periods, which can be challenging and may necessitate a
degree of sedation. Additionally, conducting an MRI on these newborns is difficult
because they often need constant monitoring and life-support equipment that may
not be compatible with the MRI environment (Plaisier et al., 2014; Plaisier et al.,

2015).
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Cranial ultrasonography (CUS) is an economical imaging method that allows for
repeated scanning at the bedside with minimal disturbance to the infant. Historically,
CUS has been primarily utilised for identifying germinal matrix haemorrhage and
intraventricular haemorrhage (GMH-IVH), as well as PVL. However, its utility in
detecting a broader range of lesions is growing, thanks to advances in technology such
as high-resolution ultrasound (less than 200 micrometres), quantitative assessments,
and the employment of additional acoustic windows like the mastoid and posterior
fontanel (Leijser et al., 2006; Govaert & De Vries, 2010; van Wezel-Meijler et al.,

2010).

While CUS is a useful imaging tool, it has several limitations that can impact its
effectiveness and reliability. Firstly, it is observer dependent, so the accuracy and
quality of CUS results can vary significantly depending on the skill and experience of
the person conducting and interpreting the ultrasound. This means that consistently
obtaining objective and reproducible measurements with CUS can be challenging.
Secondly, the posterior fossa, a small space in the skull, which houses critical
structures such as the cerebellum and brainstem, is difficult to image accurately with
CUS. Due to its location and the bone structures surrounding it, obtaining clear and
detailed images of this area can be challenging, which may lead to missed or
inaccurate diagnoses of abnormalities in this region. Furthermore, CUS may also have
limitations in effectively identifying changes in the cerebral cortex. Detecting subtle
changes or early signs of pathology in the cerebral cortex is essential for accurate
diagnosis and treatment planning, but CUS may not always provide the necessary
resolution or contrast to detect such changes effectively (van Wezel-Meijler et al.,

2010; Reynolds et al., 2001).
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P/IVH (periventricular/intraventricular haemorrhage) is effectively detected using
CUS (McCrea & Ment, 2008). Bleeding typically appears in the initial days following
birth, often as a mild haemorrhage (grade | or Il). However, in some cases it can
progress over the following days and result in serious complications (van Wezel-
Meijler et al., 2010). It is recommended that early and frequent CUS scans be
conducted within the first weeks of birth for neonates born significantly prematurely,
and in cases of P/IVH, that repeated CUS scans, including measurements of the lateral
ventricles, be performed over the subsequent weeks. If, after several weeks, either
no or just mild, non-worsening PHVD is observed, the frequency of the CUS scans can

be reduced (Wezel-Meijler, 2007; van Wezel-Meijler et al., 2010).

In 2002, a practice guideline issued by the American Academy of Neurology and the
Practice Committee of the Child Neurology Society advocated for standard screening
using CUS in all infants born before 30 weeks of gestation. It is recommended that
this screening be conducted at 7 and 14 days of age and then serially, ideally repeated
between 36 and 40 weeks of postmenstrual age (Ment at al., 2002). Conducting CUS
serially during the first two weeks after birth can identify over 80% of germinal
matrix/intraventricular haemorrhage (GM/IVH). However, in a comprehensive study
by Paneth et al. (1994), the authors compared ultrasound diagnoses of GM/IVH with
postmortem brain examinations, where it was found that sonographic readers initially
missed 50% of GM/IVH cases. However, the study also noted that when three
consecutive scans were analysed and the lesion measured at least 1 cm in diameter,

all instances of GM/IVH were successfully detected (Paneth et al., 1994).
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1.3.2. Introduction to Near-Infrared Spectroscopy (NIRS) and Its Application in
Neonates.
Inconsistent or insufficient blood flow and oxygen supply to the brain can lead to brain
damage (Khwaja & Volpe, 2008). Conditions such as sustained or intermittent changes
in the partial pressure of cerebral oxygen (hyperoxia or hypoxia) or variable partial
pressure of cerebral carbon dioxide (hypercapnia or hypocapnia) can impair cerebral
autoregulation and negatively impact upon the normal development of the brain
(Alderliesten et al., 2013; Sola et al.,, 2014). Measurement of essential vital signs,
including blood pressure, heart rate, respiratory rate, peripheral oxygen saturation
(Sp02) and arterial blood-gas analysis (arterial oxygen saturation (Sa03), haematocrit,
Pa0; and PaCO; and pH), are necessary for evaluating the health status of a newborn.
However, they do not provide a direct measurement of brain oxygenation (Lemmers
et al., 2008; Lemmers et al., 2016; El-Dib & Soul, 2019). Near-Infrared Spectroscopy
(NIRS) is used to measure regional cerebral oxygen saturation (rcSO,) and provides a
non-invasive approach that can be used to assess cerebral oxygen delivery. This
technique allows for continuous monitoring at the bedside, over several days, without
any adverse effects (Pavlek et al., 2021). Continuous monitoring is advantageous over
imaging approaches such as CUS or MRI that capture single point measures.
Moreover, NIRS can be employed rapidly in critically ill infants with minimal
disturbance. NIRS devices are versatile, suitable for use in NICU settings, during
surgeries, and in transit. Additionally, NIRS can be seamlessly integrated with cerebral
electrical activity monitoring using amplitude-integrated electroencephalography

(aEEG) (Kenosi et al., 2015; Dix et al., 2017).
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The NIRS method utilises the relative transparency of biological tissues to near-
infrared light. The thin layers of skin and skull in neonates allow for easy penetration
of NIR light (ranging from 700 to 1,000 nm). This technique involves a light emitter
projecting near-infrared light through the brain tissue, which travels through the
cerebral tissue to a depth of 2-3 cm before being detected by optical sensors (Brown
et al., 2002). Once near-infrared light reaches haemoglobin, it can be absorbed,
reflected, scattered, or transmitted. Since the structure of monitored tissue remains
consistent during the NIRS recording, reflected, scattered, and transmitted lights are
considered stable. However, absorption is assumed to change based on the degree of
oxygen saturation. Both oxygenated (O.Hb) and deoxygenated (HHb) haemoglobin
have distinct absorption rates for NIR light, which collectively determine the total
haemoglobin (THb = O;Hb + HHb). The sensor detects variations in the absorption of
NIR light, enabling the calculation of O;Hb and HHb concentrations based on the
modified Lambert-Beer law (Suzuki et al., 1999). The proportion of O;Hb to THb is
represented as the regional cerebral oxygen saturation (rcSO;) or, alternatively, as the
tissue oxygenation index (TOIl), with the specific terminology varying based on the
manufacturer of the NIRS equipment (Thavasothy et al., 2002). Near-Infrared light is
absorbed by both HHb and O;Hb present in arterial and venous blood vessels, with a
proportional distribution of approximately 25% arterial to 75% venous. Consequently,
NIRS primarily indicates more closely the oxygen saturation levels in the cerebral
venous system (Watzman et al., 2000). Non-absorbed photons are received by two
detectors: the proximal arc detector detects signals from superficial tissues while the

distal arc detector detects signals from both superficial and deep tissues. To calculate
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the oxygen saturation in the deep tissue, the proximal value is subtracted from the

distal value (Jobsis, 1977; Edwards et al., 1988; McCormick et al., 1991).

Proximal arc
detector

Distal arc
detector

Light emitting
diode (LED)

Figurel.2. Application of near-infrared spectroscopy probe for cerebral oxygen
monitoring

Currently, the market offers a variety of NIRS devices and sensors, tailored for
different needs. Comparative studies have generally found a satisfactory level of
agreement between these devices, despite differences in their techniques and
algorithms (Grubhofer et al., 1999; Cho et al., 2000; Yoshitani et al., 2002). The INVOS
5100 system (Covidien, Mansfield, MI, USA), equipped with the neonatal INVOS
OxyAlert NIRSensor, is commonly used to measure rcSO; by monitoring the ratio of
oxygenated haemoglobin to total haemoglobin in the tissue beneath the sensor,
typically placed on the right frontotemporal region of the forehead. The Moberg CNS
system (Moberg, PA, USA) is another device often employed for the synchronisation
and storage of rcSO, and SpO; data. Additionally, the NIRO 200NX (Hamamatsu
Photonics, USA,EU,Japan) is another widely utilised NIRS device, offering similar
monitoring capabilities. Sensors specifically designed for neonatal use are smaller and
more adaptable. It is noted, however, that these neonatal sensors tend to record

measurements that are about 10% higher than those from adult sensors. This
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discrepancy becomes evident when considering that most devices have an upper
threshold set at 95%. As a result, when neonatal sensors measure high levels of
cerebral oxygenation, the readings often appear as a continuous line, obscuring any

fluctuations in the data (Dix et al., 2013; Alderliesten et al., 2016).

Multiple studies have examined the evolution of rcSO2 over the course of postnatal
development. Immediately following birth in term infants, regardless of the mode of
delivery, rcSO; levels are typically in the range of 40 to 56% (Almaazmi et al., 2013;
Urlesberger et al., 2011; Baik et al., 2015). This figure rises to as high as 78% during
the initial two days after birth (Bailey et al., 2013). The increase in rcSO, during the
first days after birth is primarily due to the transition from foetal to neonatal
circulation, which enhances pulmonary oxygenation and systemic blood flow, along
with the establishment of effective respiration, hemodynamic stability, and
maturation of cerebral autoregulation mechanisms. These adaptations improve
oxygen delivery and utilisation in the brain (Gao & Raj, 2010; Lara-Cantdn et al., 2024;
Dix et al., 2017; Garvey et al., 2018). Subsequently, over a period of 3 to 6 weeks post-
birth, rcSO, gradually reaches a stable range, fluctuating between 55 and 85%

(McNeill et al., 2011; Roche-Labarbe et al., 2010; Hyttel-Sorensen et al., 2015).

NIRS assessment of brain oxygen levels can be applicable in a variety of clinical
scenarios, including monitoring the impact of haemodynamically significant patent
ductus arteriosus (PDA) on cerebral oxygenation in neonates. PDA can lead to
abnormal blood flow between the aorta and the pulmonary artery. When a PDA is
present, it can significantly impact cerebral oxygenation (Lemmers et al., 2008; Dix et

al., 2016). The diversion of blood through the duct away from the brain results in a
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reduction of CBF. Despite normal arterial oxygen saturation (Sa0;) levels, the oxygen
supply to the brain is reduced because less blood reaches the cerebral tissues. This
explains why rcSO; levels, as measured by NIRS, can drop even when Sa0; is normal.
Due to the compromised cardiac output associated with PDA, the heart cannot
efficiently pump blood to all parts of the body, including the brain. Once the PDA is
closed, either surgically by physical ligation or clipping, or medically using
nonsteroidal anti-inflammatory drugs to promote natural closure, the abnormal
shunting of blood is eliminated (Gillam-Krakauer & Reese, 2018). As a result, the
blood flow to the brain improves, restoring normal rcSO; levels (Lemmers et al., 2008;
Dix et al., 2016). The functional size of the ductus arteriosus is proportional to brain
oxygen saturation. A wider duct, indicating a more substantial left-to-right shunt,
correlates with lower rcSO; (Dix et al., 2016). Furthermore, cerebral oxygenation can
be altered by adequacy of respiratory support (Cambonie et al., 2003; Noone et al.,

2003).

Ventilation primarily controls the arterial carbon dioxide pressure (PaCO,), which has
potent vasoactive effects on cerebral arteries. Elevated PaCO, leads to cerebral
vasodilatation, while reduced PaCO; causes vasoconstriction (Hansen et al., 1984),
though the relationship is altered depending on prevailing oxygen status and
perfusion pressure (Brian, 1998). Consequently, PaCO, levels can impact both
cerebral perfusion and tissue oxygenation, with both excessive (hypercapnia) and
insufficient (hypocapnia) carbon dioxide levels associated with neurological
pathologies (Fabres et al., 2007; McKee et al., 2009). A rise in PaCO; is associated with
higher cerebral oxygen saturation measured by NIRS, coupled with a reduction in the

amount of oxygen extracted (FTOE) (Vanderhaegen et al., 2009; Victor et al., 2005).
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There is the potential that clinical use of continuous bedside NIRS would facilitate
optimisation of ventilation, by monitoring trends in cerebral oxygenation and
detection of PaCOz-induced under or over-perfusion in the brain that may lead to

brain damage.

The difference in oxygenated versus deoxygenated haemoglobin is often presented
as an index of CBF. While the changes can correlate well, use of NIRS as an index of
the blood flow assumes constant cerebral blood volume (CBV) and cerebral
metabolism (Edwards et al., 1988; Wolf et al., 2007). Integrating monitoring of rcSO;
with arterial blood pressure allows for the evaluation of cerebral autoregulation.
When autoregulation is intact, fluctuations in arterial blood pressure do not
significantly affect rcSO; levels, indicating stable cerebral perfusion. Conversely, if
autoregulation is impaired, changes in blood pressure will correspond to changes in
rcSO,, signalling that cerebral blood flow is pressure-dependent and potentially
compromised (da Costa et al., 2015). Assessing cerebral autoregulation at the bedside
offers the opportunity to detect fluctuating cerebral blood flow. Once identified,
suitable actions such as optimising CPP through vasoactive agents could be actioned
to promote stable cerebral blood flow and oxygenation (Armstead, 2016). Various
methods exist for calculating cerebral autoregulation, and currently, software
solutions are being developed to enable this computation at the bedside (Caicedo et

al., 2016).

Cerebral oxygenation assessment provides an insight into end organ perfusion in the
context of evaluating the functional significance of hypotension and determining the

need for positive inotropic therapy. There is growing recognition that traditional
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definitions of hypotension in the preterm infant might not always signify actual
cerebral hypoperfusion and tissue hypoxia, thereby facilitating a more tolerant
approach towards lower blood pressures and therefore a more restrictive approach
to administration of vasoactive drugs (Dempsey & Barrington, 2009; Noori & Seri,
2015; Alderliesten et al., 2014). Treatment for hypotension, which is not without risks
and may negatively impact outcomes, should be cautiously considered (Alderliesten
et al., 2013; Batton et al., 2015). Monitoring cerebral oxygenation serves as a key
indicator of end-organ oxygenation and could aid in decision-making regarding
treatment of hypotension preventing potential brain damage. This monitoring helps
to detect early signs of serious conditions like IVH and PVL through imaging tests using
CUS or MRIs. Additionally, it supports assessment of long-term neurodevelopmental
outcomes, ensuring that interventions effectively protect and support brain health

(Alderliesten et al., 2014; Binder-Heschl et al., 2016).

In some unfortunate cases severe asphyxia can occur peripartum. In the initial days
following birth rcSO, tends to increase while cerebral FTOE decreases (Toet et al.,
2006; Lemmers et al., 2013). These changes have been linked to poorer outcomes at
two years of age, as measured by the Griffiths Mental Developmental Scales (Toet et
al., 2006; Lemmers et al., 2013). The concurrent use of NIRS for monitoring cerebral
oxygenation and amplitude-integrated electroencephalography (aEEG) to assess
brain activity patterns is highly indicative of long-term neurodevelopmental
outcomes. For example, in cases of severe asphyxiation treated with hypothermia at
12 hours of age, high rcSO; combined with abnormal aEEG patterns (indicating low
brain activity) had a 91% positive predictive value for adverse outcomes; whereas the

absence of these indicators carried a 100% negative predictive value (Lemmers et al.,
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2013). These results emphasise the critical role of NIRS in early prognostication of
neurodevelopmental outcomes. The tendency for cerebral hyperoxygenation in
neonates with negative outcomes is often attributed to reduced energy metabolism
following severe brain injury, leading to decreased oxygen use, increased cerebral
blood flow, and impaired autoregulation in the brain's vascular system (Greisen, 2014;

Howlett et al., 2013).

Despite the clinical applications mentioned earlier, there are some limitations of NIRS
monitoring. These limitations include challenges posed by external factors such as the
presence of hair, increased light absorption with more pigmented skin, and ambient
light interference from devices like phototherapy units (Van Bel et al., 2008).
Additionally, in smaller infants, issues such as subdural oedema or hematoma
beneath the sensor may impinge on recording (Kahraman et al., 2006). Simultaneous
placement of electrodes for aEEG monitoring can also be problematic. Both NIRS
sensors and aEEG electrodes need to be placed on the infant’s scalp, and their
placement must be carefully managed to ensure accurate measurements from both
devices. Therefore, the limited space on a small infant's scalp can make it challenging
to position both types of sensors without interference. Additionally, the physical
presence of multiple sensors can potentially affect the quality of data collected by
each device. For example, the proximity of aEEG electrodes might interfere with NIRS
measurements by obstructing or altering the light path used to assess cerebral
oxygenation. Factors such as head circumference and skull curvature have been
considered potential hindrances to NIRS monitoring (Wong, 2016). However,
according to Alderliesten et al. (2016), there is no significant correlation between

head circumference and rcSO,, suggesting that head circumference is not a major
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issue when recording NIRS measurements. It is important to recognise that NIRS is a
surrogate of entire brain oxygenation in extremely preterm infants, not just the
prefrontal cortex (Van Bel et al., 2008). However, skull curvature remains a critical
consideration. The curvature of the skull can influence how light from the NIRS sensor

interacts with brain tissues, potentially affecting the accuracy of measurements.

The specific type of NIRS device and sensor used also plays a crucial role in the
interpretation of cerebral oxygenation values (Dix et al., 2013). Hyttel-Sorensen et al.,
(2011) evaluated three commercial NIRS instruments (INVOS 5100, NIRO 200 NX/300
and OxyPrem), on the forearm of adults and discovered that the absolute regional
tissue oxygen saturation values varied between the devices, while their
reproducibility and dynamic ranges were comparable. Furthermore, it is important to
be aware of potential differences between sensors when comparing data across
patients, institutions, or devices. For instance, an rScO of 55% may be considered low
using a neonatal sensor but acceptable with an adult sensor (Alderliesten et al., 2016).
An rScO; of 55% with a neonatal sensor translates to approximately 40% with an adult
sensor, which is near or below the reported thresholds (33-50%) associated with
neuronal damage and adverse neurodevelopmental outcomes (Kurth et al., 2002;

Hou et al., 2007; Alderliesten et al., 2014).

1.3.3. Peripheral Oxygen Saturation (SpO2) and EEG: Complementary Tools in

Brain Injury Detection.

Pulse Oximetry
Pulse oximetry is a method for continuously and non-invasively measuring oxygen

saturation in the periphery (SpO;) and is a close reflection of arterial oxygen
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saturation (Hay Jr et al., 1989). Pulse oximetry operates by using red and infrared light
to measure the absorption of oxygenated and deoxygenated haemoglobin. In the red
spectrum, O2Hb absorbs less visible light compared to HHb. However, this situation is
the opposite when it comes to infrared light, where O;Hb absorbs more (Moyle,
1996). In this method, a sensor is positioned on a hand or foot, and two light-emitting
diodes transmit red and infrared light to a photodetector. Changes in absorption
during the arterial pulsatile flow and non-pulsatile component of the signal are
examined. SpO; levels are determined based on the light transmission through the
pulsatile tissue bed. The surge of arterial blood volume with each heartbeat leads to
increased light absorption, allowing for measurement of heart rate as peaks coincide

with each heartbeat (Dawson et al., 2007).

Pulse oximetry has become widely adopted in neonatal wards over the last thirty
years due to its simplicity and the minimal risk of heat-related issues, especially in
extremely preterm infants. However, there are still significant differences in
monitoring approaches for guiding oxygen therapy (Tin & Lal, 2015). In 2007, the
American Academy of Paediatrics suggested ranges for oxygen therapy in preterm
infants, with SpO, values between 85% and 95% and PaO; values between 50 and
80mmHg (Lemons & James, 2007). European guidelines in 2007 suggested
maintaining an SpO: level of below 95% without specifying a lower limit (Sweet et al.,
2007). However, revised guidelines as recently as 2010 advised for a range between
85% and 93%, with the upper limit set at 95% (Sweet et al., 2010). Even more recently,
large clinical studies collated under the NeOProM study (Neonatal Oxygenation
Prospective Meta-analysis) have narrowed the range of safe SpO,. Pooled data from

those clinical trials (including about 5000 infants) reported that extremely preterm
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infants with SpO, values of 85-89% were at higher risk of mortality and necrotizing
enterocolitis compared to ones with 91-95%. However, the risk of retinopathy of
prematurity was higher in preterm infants with higher levels of SpO; (Askie et al.,
2018). Sullivan et al., (2018) suggested that the combined features of SpO, (mean, SD,
kurtosis and skewness) with clinical data in the first 12 hours and the first 7 days of
life were associated with severe IVH (grade Il and IV) and NEC. In terms of absolute
values, Vesoulis et at., (2019) proposed that the time spent with SpO; of < 70% was
associated with severe grade Ill and IV IVH. A recent metanalysis, compared the
morbidity and mortality in extremely preterm infants (approximately 5000 infants)
who were exposed to restricted oxygen (Sp0O2, 85% - 89%) vs liberal oxygen (SpO,,
91% - 95) (Manja et al., 2015). They found that neonates receiving liberal oxygen
experienced a decrease in mortality before hospital discharge compared to those with
a restricted oxygen. Furthermore, the liberal oxygen group had fewer instances of
necrotizing enterocolitis. However, there was no significant difference observed in
terms of death or disability at 24 months, bronchopulmonary dysplasia, retinopathy

of prematurity, neurodevelopmental outcomes, or hearing loss (Manja et al., 2015).

The primary physiological limitation of pulse oximetry is its inability to identify
hyperoxaemia at SpO; levels above 90% due to the shape of the oxyhaemoglobin
dissociation curve. As a result, a minor rise in SpO2 may correspond to a significant
increase in Pa0; (Hay Jr, 1987; Wasunna & Whitelaw, 1987). There is particular risk of
hyperoxia for preterm infants who are administered supplemental oxygen. Preterm
infants are vulnerable to oxygen toxicity and localised oxidative stress can impair
developing tissues as they have limited antioxidant reserves (Saugstad, 2003; Davis &

Auten, 2010).
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Anaemic hypoxia occurs when there is an inadequate supply of oxygen to tissues due
to a reduction in the total amount of haemoglobin available to carry oxygen, despite
normal Sa0; levels. This type of hypoxia is not detected by standard SpO, monitoring
because SpO, measures the percentage of haemoglobin saturated with oxygen, but it
does not account for the total amount of haemoglobin in the blood. As a result, SpO»
monitoring can provide a misleading sense of adequate oxygenation in the presence

of anaemia (West, 2012; Sinex, 1999).

Most clinical oximeters have an averaging time of 10 to 20 seconds, which can lead to
the omission of brief apnoea’s and result in an underestimation of their frequency
(Trivedi et al., 1977; Bohnhorst et al., 2000). This delay in detecting transient oxygen
changes can also obscure early signs of physiological instability, such as the onset of
infection. Alarm fatigue, a phenomenon whereby healthcare providers become
desensitised to frequent alarms, can exacerbate this issue, leading to slower or
inadequate responses to critical events (Johnson et al., 2017). The primary clinical
response to Sp0O; alarms often involves increasing supplemental oxygen, based on the
assumption that hypoxaemia is the primary issue. However, this approach may not
address the underlying cause of the alarm and could potentially lead to hyperoxia
(McClure et al., 2016; Buonocore et al., 2010). Therefore, while SpO, monitoring is a
valuable tool, its limitations in detecting brief or subtle episodes of hypoxia highlight
the need for a more nuanced approach. Furthermore, movement of the sensor
probes and inadequate peripheral perfusion can result in motion artefacts, resulting
in false alarms. Advanced pulse oximeters equipped with signal extraction technology
are capable of accurately measuring SpO; even during patient motion and low

perfusion by isolating the pulsatile arterial signal from other signals. In clinical
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settings, it is important to verify the good quality of signal received by the sensor

before accepting SpO, readings (Hay et al., 2002).

Electroencephalography

Electroencephalography (EEG) is a non-invasive continuous test for brain exploration
which can be conveniently conducted at the bedside. It holds significant diagnostic
and prognostic importance in newborns. This brain function assessment is an adjunct
to clinical evaluations, which are often restricted in the intensive care unit, especially
in sedated newborns or those at risk of seizures with minimal or no symptoms. It also
complements morphological information gained using brain imaging techniques

(Lamblin et al., 2015).

EEG captures the neural electrical activity of the brain, resulting from the action
potentials of neurons using external surface electrodes. The EEG patterns depict a
collective average of numerous action potentials, with some being excitatory and
others inhibitory. Subcortical structures like the thalamus and brainstem play a

significant role in this process, especially in premature newborns.

Once the signal has been recorded, it undergoes amplification and filtering to
minimise artefacts before being electronically presented. The sequence in which the
signals are presented determines the montage type. There are two kinds of
montages: bipolar and unipolar (also known as referential montage). Bipolar
montages assess the potential variance between two neighbouring electrodes. This
setup is beneficial because it enhances the ability to localise the signal. However, a
limitation of this setup is that signals with opposite signs might negate one another.

Unipolar montages compare each electrode to a reference one or, in the case of
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referential montage, to aggregated activity from all electrodes. This montage is
beneficial because it offers a uniform reference point for all electrodes. EEG waves
vary in their frequency, amplitude, and shape. The EEG records frequencies including
Delta (< 4Hz), Theta (4-7Hz), Alpha (8-13Hz), Beta (13-30Hz), and Gamma (> 31Hz)
(Alix et al., 2017). During EEG recordings, additional parameters such as the
electrocardiogram (ECG), patterns of respiration, eye movements, activity of the
submental muscle, and concurrent video recording can also be monitored. These
parameters offer valuable insights, however, not all neonatal units are equipped to

measure all of these (Alix et al., 2017).

Continuous, multi-channel EEG, also known as cEEG, has a high temporal resolution
on the scale of milliseconds, allowing for real-time monitoring of electrical brain
activity in a continuous way. However, trained personnel are required for both its
application and interpretation (Murray et al., 2006). To overcome this limitation,
many clinical units currently utilise amplitude EEG (aEEG), derived from cEEG. aEEG
involves compressing, filtering, and processing the amplitude of raw EEG over time.
It can be produced from single or double channels typically using central or
frontocentral electrodes (Helstrom-Westas et al., 1995; Toet et al., 1999). Assessment
of aEEG is commonly conducted according to either background activity/amplitude
or pattern recognition (al Nageeb et al., 1999; Hellstrom-Westas et al., 2006). While
aEEG is thought to be simpler to use and assess, the inconsistency between different
observers is not ideal (Rakshasbhuvankar et al., 2020; Bourgoin et al., 2020). Thus, its

interpretation depends on the user and is subjective.
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EEG has long been essential in monitoring infants with encephalopathy (Murray et al.,
2006; Murray et al., 2009; Selton & Andre, 1997; Van Lieshout et al., 1995). It has
been integrated into the Sarnat clinical grading system and is listed as an inclusion
criterion in the Total Body Hypothermia for Neonatal Encephalopathy (TOBY) trial
(Sarnat & Sarnat, 1976; Azzopardi et al., 2009). It is utilised for grading and diagnosing
encephalopathy, tracking its progression, and predicting outcomes in infants with HIE.
Previous studies report that before TH commences, the earliest aEEG recordings of 3-
6 hours after birth are highly predictive of outcomes (Shany et al., 2006; Osredkar et
al., 2005; Ter Horst et al., 2004). This finding influenced the selection criteria for
recruitment of infants into the TOBY trial (Azzopardi et al., 2009). However, since the
introduction of TH, the early predictive capability of aEEG for outcomes has decreased
(Cseké et al., 2013; Hamelin et al., 2011; Thoresen et al., 2010; Niezen et al., 2018).
Furthermore, a meta-analysis (incorporating 9 studies, 520 patients) conducted more
recently indicates that abnormal aEEG readings before 6 hours of age do not always
signify an adverse outcome (Chandrasekaran et al., 2017). Furthermore, EEG when
combined with CBF measurements, can provide deeper insights into neurovascular
coupling (NVC). NVC plays a crucial role in maintaining brain health by linking
neuronal activity with local blood flow changes (Phillips et al., 2016). When neurons
become active, NVC ensures that CBF increases to meet the heightened metabolic
demands of the active brain regions. This precise adjustment of blood flow is essential
for sustaining normal brain function and preventing neuronal damage (Kozberg &

Hillman, 2016).

aEEG can also be valuable in identifying seizures (Osredkar et al., 2005); however, it

may overlook brief seizures (< 30 seconds), low-intensity seizures, or focal seizures
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originating from brain areas not monitored (Rennie et al., 2004; Shellhaas et al., 2007,
Shah et al., 2008; Toet et al., 2002). Thus, cEEG continues to be the preferred method
for identifying and categorising seizures (Shellhaas et al., 2011; Pressler et al., 2021).
Because interpretation by experts is necessary, automated seizure detection
algorithms have been created to assist physicians in identifying seizures at the
bedside (Pavel et al., 2020; Navakatikyan et al., 2006). Recently, an android-based
app, called Neurobell, was used to monitor long term continuous EEG, and detect
seizures. This app was implemented on low-cost electronics, works with minimal
power consumption and can be used as a valid alternative for non-experts in assessing
seizure activity (O’Sullivan et al., 2018). Like Neurobell, CergenX aims to fill the gap in
timely detection and intervention for brain injuries in newborns, particularly in critical

care environments where access to expert neurologists may be limited (CergenX).

Quantitative analysis of EEG data has the potential to offer an objective and
repeatable description of the EEG without relying on expert interpretation. It also
possesses the capability to identify subtle characteristics that may not be readily
apparent through visual assessment alone (O’Toole & Boylan, 2017). Quantitative EEG
analysis offers a mathematical summary of EEG signals. It utilises multiple attributes
related to amplitude, frequency, and inter-hemispheric connectivity for characterising
neonatal EEG (O’Toole & Boylan, 2017). Establishing a standardised definition for
these quantitative EEG characteristics is important, as it ensures replicability and
enables consistent comparisons across different studies. O’Toole and Boylan (2017)
have previously introduced an open-source computational framework, termed
NEURAL (Neonatal Eeg featURe set in mAtLab;

https://github.com/otoolej/qEEG_feature_set), which extracts the specific sets of
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guantitative features. These features are categorised into three primary domains:
time-domain features, frequency-domain features, and features that define the

connectivity across cerebral hemispheres.

Among time-domain features, the power or amplitude of the EEG signal is a primary
feature. Range-EEG, which is like aEEG, emerges as a standardised alternative. This
standardisation is imperative given the diversity in algorithms used by different
EEG/aEEG machines to generate the aEEG signal, which range-EEG seeks to uniformly

address (O’Toole & Boylan, 2017).

Frequency-domain features are characterised by aspects of spectral power and
shape. The EEG signals are decomposed into four frequency bandwidths as part of
this analysis. Spectral power quantifies the amplitude across various frequency
bandwidths. Relative spectral power, however, assesses the power within each band
in relation to one another. The spectral edge frequency represents a threshold
frequency, below which 95% of the power frequencies are contained. To describe
spectral shape, features such as spectral flatness, indicative of spectral entropy, and
spectral difference, reflecting the variation in spectral shape over time, are utilised

(O’'Toole & Boylan, 2017).

To characterise inter-hemispheric connectivity, features such as correlation and
coherence between the cerebral hemispheres are extracted. Furthermore, inter-burst
intervals are analysed separately for each channel, and the median value across all

channels is then used to summarise the results.
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1.4. Components of NIRS (rcSOz) Signal

1.4.1. Physiological Significance of Signal Components

A considerable amount of literature has been published about determining an
absolute value of cerebral oxygen saturation that can predict brain damage in humans
and animals. The animal model of choice for these studies is the newborn piglet since
the anatomical and physiological features of newborn piglets are similar to preterm
infants (Sun et al., 2023). Furthermore, there are similarities in brain maturation,
cerebral haemodynamics, and thickness of the skull between piglets and human
neonatal infants (Chapados & Cheung, 2008; Armstead, 2000). Hou et al. (2007)
grouped piglets according to varying degrees of hypoxia that the piglets had been
exposed to for 30 minutes. They found that the piglets who spent 30 minutes with
cerebral oxygen saturation between 30% and 40%, experienced hypoxic brain injury,
and that brain function was even more abnormal for the group that spent 30 minutes
with rcSO; <30%. Similarly, Kurth et al. (2002) found that rcSO, = 40% was the

threshold for cerebral hypoxic ischaemia in piglets.

In a recent study of preterm infants (<32 weeks), Alderliesten et al. (2019) proposed
an association between unfavourable cognitive outcomes at 24 months of age and a
threshold of rcSO; <55%, using adult near-infrared sensors. They suggested a
threshold of 65% of rcSO; when a neonatal/paediatric sensor is used. In a recent study
in very preterm infants with a birth weight of <1250 g, Chock et al. (2020) set rcSO>
<50% for at least 1% of the monitoring period as cut-point for identifying adverse
outcomes. These findings differ from those of Kenosi et al. (2018) who argued that

absolute values of rcSO; are not indicative of brain injury. They recorded cerebral
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regional oxygenation in 120 infants of GA < 32 weeks for the first 48 hours of life using
a neonatal sensor. The outcome included no IVH/PVL and survival at one month,
grade 1 or 2 IVH, and IVH 2 3 or PVL or death before one month age. No difference in

absolute values of rcSO; was observed between three different outcome groups.

To overcome the inconsistency in rcSO; absolute values in predicting brain injury in
preterm infants during the first days of life, O'Toole et al. (2016), used signal
processing methods, and proposed features from the frequency domain to detect
brain injury in a small cohort of very preterm infants. Further testing in larger sample

populations however is required.

When analysing NIRS, substantial increases or decreases from baseline values
typically serve as more critical clinical indicators of an infant's underlying condition
than the absolute value of rcSO2. Neonatal rcSO2 values exhibit considerable
variability, with normal ranges reported between 55% and 85%. This range can be
10% higher when utilising a neonatal probe (EI-Dib & Soul, 2019). Furthermore, male
newborns generally display higher rcSO, values compared to female newborns
(Cohen et al., 2015). Additionally, small for gestational age (SGA) neonates exhibit
higher rcSO; values than neonates with appropriate weight during the initial three

days after birth (Cohen et al., 2015).

1.4.2. Delving into Prolonged Relative Desaturations: What They Are and Why
They Matter.

Recorded NIRS signals include repetitive desaturations, which are reported to be
more common in extremely preterm infants compared to very late preterm infant

cohorts (Hansen et al. 2019). In the study by O’Toole et al. (2018), it was
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demonstrated that these transient components of NIRS signals, which appear as
prolonged decreases in the signal relative to the baseline, were not predictive of brain
injury and extracting them led to a better prediction of outcome. However, there has
been no detailed investigation of suitable methods for de-noising short duration
desaturations. Effective decomposition of these desaturations would provide an
excellent opportunity to test their clinical utility. Further work needs to be done to
establish whether such transients are predictive of brain injury in preterm infants or
not. If they are not predictive, these components of the NIRS signal could be removed
at the pre-processing stage to facilitate optimal decomposition of the remaining

signal.

Reduced rcSO; from baseline may be linked to decreased cerebral oxygen
delivery/perfusion or an increase in oxygen utilisation. It is advisable to assess a
neonate exhibiting a notable decline in rcSO; from baseline values or an absolute
rcSO, below 60% for potential causes such as hypoxic hypoxia, decreased cardiac
output, hypotension, chest hyperinflation, and hypocarbia, and to administer
appropriate treatment. On the other hand, an elevated rcSO, may indicate enhanced
cerebral oxygen delivery/perfusion or reduced oxygen consumption. In cases where
a neonate exhibits a substantial rise in rcSO; from baseline levels or an absolute rcSO>
exceeding 90%, investigation of potential causes including hyperoxia, hypercarbia,
oversedation, or severe brain injury, should be conducted, and suitable interventions

made (EI-Dib & Soul, 2019).

It is important to acknowledge that rcSO; readings can be affected by artefacts, such

as movement or poor sensor placement, as well as physiological factors like changes

Page 69 of 321



in blood pressure, CBF and oxygenation, and pathological conditions such as IVH. Such
artefacts can make it difficult to accurately interpret rcSO; values or to determine
what constitutes an abnormal rcSO; reading or a significant change in rcSO..
Consequently, defining a clear threshold for abnormality or sudden changes in rcSO;

can be challenging.

1.4.3. Methodological Approaches for Extracting and Analysing PRDs.

NIRS signals often exhibit a sparse nature, accompanied by instrumental noise,
motion artefacts, and sudden decreases from the baseline in the low-frequency
background. Depending on the experimental setup, either the low-frequency
component or the sparse signal may represent the biological signal of interest. There
are two separate methods for isolating and extracting these relative desaturations
within NIRS signals: simultaneous low-pass filtering and total variation denoising (LPF-
TVD) methods, and singular-spectrum analysis and the discrete cosine transform

(SSA-DCT) methods (Selesnick et al., 2014a; O’'Toole et al., 2018).

Let us assume that the NIRS signal can be modelled as

y(n) =f(n) + x(n) + w(n), n=0, ..., N-1

where f is low-pass signal, x is sparse and/or sparse-derivative signal and w is
stationary white Gaussian noise. Conventional low-pass filtering and sparsity-based
denoising are not appropriate for handling noisy data like this. If the low-pass signal f
were observed solely in noise, then low-pass filtering (LPF) would provide a reliable
estimate of f; f = LPF (f + w). Conversely, if x was a sparse-derivative signal observed
only in noise, then total variation denoising (TVD) would offer an accurate estimate

of x; x = TVD (x + w). In the case of noisy data represented asy =f + x + w, a
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simultaneous use of LPF and TVD for estimating f and x separately can be applied
(Selesnick et al., 2014a). Total variation denoising (TVD), is characterised by
minimising a non-quadratic cost function. Consequently, the output of the TVD filter
is determined by a nonlinear function of the data, necessitating the use of numerical
algorithms to obtain it (Selesnick et al., 2012; Rudin et al., 1992). Considering the

selection of the suitable A, we solve this problem:

Arg min {% | |[H (y=x)| |22+ A| |Dx]| |1},

where H represents high-pass filter matrix, D is defined as the matrix of the first-order

difference of signal x (Selesnick et al., 2014a).

The signal x can be considered as being sparse itself and having a sparse derivative.
In this case, low-pass filtering compound sparse denoising (LPF-CSD) can be

employed. In this method, we are solving the following problem,

Arg min {% | |H (y = x)| |22 + Xo| |x| |1+ M| |Dx] |1}, where there are two parameters

Ao and A1 to be optimised (Selesnick et al., 2014).

LPF-CSD method can be improved by replacing 1 norm with non-convex penalty
functions ®p and ®@; (Selesnick et al., 2014). Employing these penalty functions
enables a more accurate estimation of transient components because they are less

biased towards zero. In this method, the problem that is solved is,

Argmin {% | |[H (y=x)] |22 + ho Z Po(x[n]) + A1 T D1(x[n+1] —x[n]) }.

singular-spectrum analysis and the discrete cosine transform (SSA-DCT) methods rely
on the concept that an impulse in the time domain is represented as a sinusoidal

signal in the frequency domain when analysed through the cosine transform. These
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methods utilise the data-driven filter-bank operation provided by singular-spectrum
analysis (SSA) to separate and extract the transient components. This method involves
forming lagged vectors from the input signal and combining them to create a
trajectory matrix. The correlation matrix of this trajectory matrix is decomposed into
orthogonal basis vectors, termed eigenvectors, and associated weights, termed
eigenvalues. Each component of the signal is then generated using a finite-impulse
response (FIR) filter with the eigenvector as the impulse response. Rejecting noise-
associated components can improve the signal-to-noise ratio. Additionally, the
method involves extracting transient components by transforming the signal using
the discrete cosine transform (DCT), which rotates impulses or impulse-like transients
to sinusoidal-type components in the time-frequency plane. The SSA applied to the
real-valued DCT signal enables the extraction of oscillating components, representing
transient components when transformed back to the time domain through an inverse
DCT (O'Toole et al., 2018). This method was developed on a set of synthetic rcSO;
signals and subsequently, tested on 10 extremely preterm infants. The results
demonstrated that employing the decomposition technique to eliminate transient
components enhanced the detection accuracy of brain injury, elevating the area-

under-the-receiver-operator characteristic from 0.91 to 1.00 (O’Toole et al., 2018).
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1.5. The Advent of Machine Learning in Neonatal Care

1.5.1. Introduction to Machine Learning and Its Transformative Role in

Healthcare.

Machine Learning

Artificial intelligence (Al) is defined as the scientific and engineering effort to enable
computers to exhibit behaviours that are typically associated with human
intelligence. In other words, it involves creating computers that can mimic human
thinking or behaviour. Artificial intelligence is a rapidly growing area of study within
the medical sector (Moore, 2017). Machine learning (ML), as a subset of Al, covers a
broad array of methods. Deep learning, a specialised area of ML, focuses on neural
networks with multiple layers that learn hierarchical representations of data. A
Common example of deep learning is the convolutional neural network (CNN), which
is effective for processing images and signals (Nozari & Sadeghi, 2021; Ekman, 2021).
The relationship between Al, ML, deep learning and CNN is represented in Figurel.
3.The fundamental machine learning process involves building and improving a
predictive model using a training dataset, followed by evaluating its
performance/predictive capacity using an unseen test dataset. Once validated, the
model can be used to predict outcomes based on real-world data (Liu et al., 2019). In
contrast to conventional logistic/linear regression methods, ML approaches can
uncover non-linear or binary interactions and provide highly reliable forecasts for
extensive datasets where identifying correlations can be difficult (Panesar et al.,

2019).
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Artificial Intelligence (Al)

Machine Learning (ML)

Figurel. 3. Relationship between artificial intelligence (Al), machine learning (ML),
deep learning, and convolutional neural networks (CNN). The sizes of the circles are
not proportional to the relative sizes of the fields they represent.

Prediction models developed using Al often rely on a variety of metrics for
assessment. One commonly used test to evaluate the predictive performance of
these models is the area under the receiver operating characteristic curve. This
graphical representation takes into account sensitivity (true positive/true positive +
false negative) and specificity (true negative/true negative + false positive) (Mangold

et al., 2021).

Machine learning employs diverse learning approaches to predict outcomes. These
approaches include supervised, unsupervised, and reinforcement learning, each
employing distinct methodologies for model development. In supervised learning, a

model is trained using a dataset where the outcomes, such as IVH or adverse MRI, are
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predefined by clinicians. This labelled dataset is utilised to construct a model that is
capable of predicting outcomes in new, unlabelled cases (Shirwaikar et al., 2016).
Unsupervised learning, on the other hand, involves identifying patterns or groups
within data, such as NICU data, without predefined outcomes. For instance, this
approach can be used to discover clusters of sepsis cases in neonates based on
common clinical or physiological characteristics observed in NICU care. The model
autonomously identifies these clusters without prior labelling (Afrin et al., 2019).
Reinforcement learning operates on the principle of defining reward and punishment
mechanisms for each possible action in a sequential manner. In this approach, the
system is rewarded for correct actions and penalised for incorrect ones. The objective
is to determine a series of steps that maximises rewards, ultimately leading to the

accurate diagnosis of conditions like sepsis (Nemati et al., 2019; Raghu et al., 2017).

Mangold et al., (2021) reviewing 11 papers systematically, suggested that ML models
can accurately predict neonatal death, defined as death within the first 28 days of life.
The primary four features were birth weight, gestational age, Apgar scores, and
instances of multiple births. Similarly, Sheikhtaheri et al., (2021) also developed
machine learning models to predict neonatal death in NICUs. They first identified key
risk factors for neonatal death and then used several machine learning models to
predict neonatal death in NICU. Then, the predicted outcomes of the neonates were

compared to their actual outcomes.

EEG for Seizure Prediction as Case Study
Al also has been used in screening and alert models to continuous

electroencephalogram (EEG) monitoring in the context of seizure detection in recent
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studies. Specifically, a randomised trial was conducted involving neonates at risk of
seizures (Pavel et al.,, 2020). This trial utilised continuous conventional EEG
monitoring, enhanced by a software designed to recognise seizures and trigger alarms
upon their detection (Pavel et al., 2020). Although the implementation of this
software did not increase the rate of seizure diagnosis in neonates, it did demonstrate
a superior ability for quantifying seizure burden. This superiority was evidenced by
the more precise assessment of the total time and duration of seizures, particularly
notable during weekends. The trial, carried out in centres adept at monitoring,
diagnosing, and treating neonatal seizures, highlighted the potential of machine
learning-based clinical support tools for enhancing seizure management, especially in
less experienced centres and during off-peak hours. Furthermore, using clinical and
EEG parameters in the first 12 hours of birth in infants with HIE, they predicted infants

at higher risk of seizures, prior to a seizure event (Pavel et al., 2023).

Detecting seizures in preterm infants is particularly challenging due to the multitude
of jerky movements they exhibit, many of which are a normal part of typical
sensorimotor development (Khazipov et al., 2004; Milh et al.,, 2007). These
movements can closely resemble seizures, leading to the potential for unnecessary
administration of anti-epileptic drugs in affected infants. Continuous EEG monitoring
is the most effective means for identifying seizures in preterm infants, but its
interpretation demands specialised expertise, restricting its application to specialised
centres. Furthermore, obtaining multichannel EEG recordings in preterm infants
poses challenges due to their clinical condition and physical constraints, such as small
head circumference. Acquiring high-quality datasets containing both seizure and non-

seizure instances for training, testing, and validating automated analysis algorithms is
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challenging. Furthermore, preterm infants have distinct EEG morphology compared
to full-term infants (Patrizi et al., 2003). O’Shea et al. (2021) explored various deep
learning architectures to detect seizure in preterm infants, including training on data
from full-term infants, preterm infants, age-specific preterm data, and transfer
learning. They achieved an AUC of 93.3% for the term-trained algorithm and 95.0%

through transfer learning from the term model using available preterm data.

Use of EEG is not limited to seizure detection and machine learning has been applied
to predict other clinically significant outcomes. For example, Bakheet et al. (2021)
employed machine learning techniques to analyse EEG signals from infants with HIE
to predict the development of cerebral palsy (CP) at an early stage. Furthermore,
Sanchez Fernandez et al., (2018) used machine learning models of EEG to predict

mortality in critically ill children.

Use of Routine Clinical Data in Prediction of Adverse Outcome

The potential for ML models to aid in diagnosing long-term outcomes has been
evidenced in recent research. Investigations have demonstrated the effectiveness of
using routine, non-invasive physiological data collected in neonatal intensive care
units. Such data can be instrumental in developing scoring systems that forecast long-
term outcomes in premature infants (Crilly et al.,, 2021). Additionally, predictive
models have been formulated for assessing six-month outcomes in cases of traumatic
brain injury, utilising readily available clinical data such as lactate, pH, and glucose on
admission (Kayhanian et al., 2019). These studies underscore the growing relevance

of ML models for enhancing prognostic capabilities in clinical settings.
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While ML represents significant potential for revolutionising healthcare, its
widespread application faces notable challenges. A key issue is the lack of linear
correlations in some ML algorithms, which means that they may not always provide
a clear explanation for their outputs when compared to traditional clinical decision-
making processes often illustrated with the use of flow-diagrams. Additionally, the
quality of the model is heavily dependent on the accuracy and consistency of the data
used, which includes the reliability of diagnoses and the use of standardised criteria
(Clarke et al., 2021). Data storage also poses a significant issue, particularly in terms
of maintaining secure, scalable systems that can handle large datasets. Furthermore,
the computational power needed for rapid processing and model training is critical
for timely decision-making in clinical settings. Validation of these models can be
complicated by the need for anonymised data to comply with privacy regulations such
as General Data Protection Regulation, which can limit the ability to fully assess the
model's accuracy in real-world scenarios. Furthermore, the debate between fixed
models and open ML approaches is crucial; while fixed models rely on static data and
may become outdated as new treatments emerge, open ML models continuously
improve by integrating new data, allowing them to adapt to changing clinical
landscapes. These considerations highlight the complexity of developing and
implementing effective ML models in neonatal care and underscore the need for
collaborative efforts across academia, healthcare, and industry to address these

challenges (Clarke et al., 2021).
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1.5.2. Focusing on Specific Machine Learning Tools: XGBoost and Deep Learning
Methods
eXtreme Gradient Boosting or XGBoost, has emerged as a prominent machine
learning framework renowned for its exceptional performance in predictive
modelling tasks and represents a significant advancement in tree boosting algorithms.
Gradient boosting is a form of supervised learning whereby the algorithm aims to
predict a target variable by aggregating the predictions of several simpler models
(usually decision trees). There are several key components and features in XGBoost
that distinguish it from traditional boosting algorithms. These include customisable
loss functions, which enable users to tailor the learning process to specific tasks, and
regularisation techniques that prevent overfitting and improve generalisation (Chen
& Guestrin, 2016). XGBoost also incorporates efficient handling of missing values and
advanced tree pruning methods, enhancing its ability to learn complex patterns from

data while minimising computational resources (Chen & Guestrin, 2016).

One of the most significant advantages of XGBoost is its scalability and efficiency,
allowing it to handle large datasets and complex models with ease. By leveraging
distributed computing frameworks and parallel processing techniques, XGBoost can
effectively utilise multicore processors and distributed computing clusters to
accelerate training times and improve performance. This scalability makes XGBoost
particularly well-suited for big data analytics and real-time applications where speed

and efficiency are paramount (Chen & Guestrin, 2016).

XGBoost operates by constructing a series of decision trees iteratively, with each

subsequent tree aiming to correct the errors made by the previous ones. The key
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principle behind XGBoost is to minimise a predefined loss function by adding new
trees to the ensemble in a way that optimally reduces the overall error. XGBoost uses
a gradient boosting framework, optimising an objective function. The objective
function is a measure of how well the model is fitting the training data. The objective
function of XGBoost is a combination of a loss function (e.g., mean squared error for
regression, log loss for classification) and a regularisation term, which helps prevent
overfitting by penalising overly complex models. Gradient boosting involves fitting
new models to the residual errors made by the previous models. In XGBoost, instead
of fitting the new model to the raw residuals, it fits the model to the gradients (first-
order derivatives) of the loss function with respect to the predictions of the previous
model. This approach allows for more fine-tuned adjustments and can lead to better

performance (Chen & Guestrin, 2016).

CNN consists of neurons that adjust themselves through learning. Each neuron
receives input and performs an operation, such as a scalar product followed by a non-
linear function. The last layer typically contains loss functions associated with classes.
CNNs includes three types of layers: convolutional layers, pooling layers and fully
connected layers. The convolutional layer consists of kernels (filters) which are rather
small in the spatial dimension but move along the input data and convolve the input
data to produce the activation layer. Convolutional layers decrease the complexity of
the input, using three hyperparameters, the depth, the stride and padding. The depth
sets the number of kernels (filters) in each layer. The total number of the neurons in
the network as well as pattern recognition abilities of the model are decreased as this
hyperparameter reduces. Stride defines the number of pixels by which the filters

move across the input. If the stride is set to 1, there is an overlap between receptive
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fields. However, increasing stride to larger numbers, decreases the overlapping and
results in an output with lower spatial dimensions. Padding in CNN refers to the
addition of extra pixels around the borders of the input to make sure every pixel gets
considered. Pooling layers help to decrease the dimension of the representation and
computational complexity of the model, while preserving important information, and
overcoming the challenge of overfitting. The last few layers of the CNN architecture
are usually Fully Connected (FC) layers. These layers consist of the weights and biases
along with the neurons and are used to connect the neurons between two different

layers and are followed by the output layer (O'Shea & Nash, 2015).
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1.6. Thesis Objectives

The objectives of this thesis were to deepen our understanding of NIRS signals,
explore their clinical utility, and to identify the most effective methods for interpreting
these signals. We have employed advanced machine learning techniques to maximise
the utility of these signals, enabling the discovery of complex, non-linear relationships

between variables that might otherwise be overlooked.

In Chapter 2, | focus on investigating various methods for extracting prolonged relative
desaturations (PRDs) from NIRS signals. | compare these methods using synthesised

NIRS data and identify the optimal approach, which performed best with my dataset.

In chapter 3, | use the method described in chapter 2 to extract PRDs, followed by
feature extraction from rcSO; signals with and without PRDs, as well as from the PRDs
themselves. Machine learning models are then developed and utilised to predict
adverse outcomes in extremely preterm infants. This chapter also describes the
development of a model that used specific signals features to predict long-term

adverse outcomes.

In Chapter 4, | apply similar methodology to that described in chapter 3 to a larger
dataset in order to assess the replicability of my results. | examine whether the
models developed from a multicentre international study, with a larger sample size
than that used in chapter 3, could accurately detect adverse outcomes in a different
cohort. Additionally, | explore the relationship between rcSO; and SpO,, analysing

whether this relationship could be a predictor of adverse outcomes.

Chapter 5 investigates the role of NIRS in detecting brain injuries that had been

confirmed by MRI in term infants with different grades of hypoxic-ischaemic
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encephalopathy (HIE). | also employ deep learning techniques to analyse NIRS signals,
automating feature extraction and pattern recognition using convolutional neural

networks (CNNs).

In Chapter 6, | expand the scope of our investigation by focusing on the analysis of
electroencephalogram (EEG) signals to assess their utility in grading hypoxic-

ischaemic encephalopathy (HIE) in term neonates.

Finally, Chapter 7 synthesises all of my findings, discussing the strengths and
limitations of applying Al in healthcare, and highlights the benefits and potential of

this transformative technology.
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2.1. Abstract

Preterm infants are at high risk of developing brain injury in the first days of life as a
consequence of poor cerebral oxygen delivery. Near-infrared spectroscopy (NIRS) is
an established technology developed to monitor regional tissue oxygenation.
Detailed waveform analysis of the cerebral NIRS signal could improve the clinical
utility of this method for accurately predicting brain injury. Frequent transient
cerebral oxygen desaturations are commonly observed in extremely preterm infants,
yet their clinical significance remains unclear. The aim of this study was to examine
and compare the performance of two distinct approaches for isolating and extracting
transient deflections within NIRS signals. We optimised three different simultaneous
low-pass filtering and total variation denoising (LPF-TVD) methods and compared
their performance with a recently proposed method that uses singular-spectrum
analysis, and the discrete cosine transform (SSA—-DCT). Parameters for the LPF-TVD
methods were optimised over a grid search using synthetic NIRS-like signals. The SSA—
DCT method was modified with a post-processing procedure to increase sparsity in
the extracted components. Our analysis, using a synthetic NIRS-like dataset, showed
that an LPF-TVD method outperformed the modified SSA—-DCT method: median
mean-squared error of 0.97 (95% Cl: 0.86 to 1.07) was lower for the LPF-TVD method
compared to the modified SSA—-DCT method of 1.48 (95% Cl: 1.33 to 1.63), P < 0.001.
The dual low-pass filter and total variation denoising methods are considerably more
computational efficient, by 3 to 4 orders of magnitude, than the SSA—DCT method.
More research is needed to examine the efficacy of these methods in extracting

oxygen desaturation in real NIRS signals.
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2.2. Introduction

Near-infrared spectroscopy (NIRS) is a non-invasive optical technology used for
continuous monitoring of cerebral regional oxygen saturation (Rolfe et al., 1992).
Despite the widespread use of NIRS in the neonatal intensive care unit, ranges remain
poorly described for extremely preterm infants. In an ongoing clinical trial (Hansen et
al., 2019) to evaluate the use of NIRS-guided treatment of extremely preterm infants,
short duration desaturations are commonly observed in the NIRS signal. Isolating
these transient deflections within the signals without removing other components of
the signal is an important aspect of processing these signals for post-hoc analysis

(Vesoulis et al., 2021).

A recent study developed a novel method to isolate transient waveforms in NIRS
signals and showed that these transient components of the signal are not predictive
of brain injury (O’Toole et al., 2018). However there has been no detailed investigation
of the most suitable method for extracting these short duration desaturations.
Effective and efficient decomposition of these short duration desaturations would
provide an excellent opportunity to test their clinical utility. The aim of this study was
therefore to identify the best method to isolate and extract transient deflections

within synthetic NIRS signals.

We optimised two distinct methods independently; singular spectrum analysis and
the discrete cosine transform (SSA—DCT) method (SSA-DCT1 and SSA—DCT2) (O’Toole
et al., 2018) and lowpass filtering total variation denoising (LPF-TVD) method (LPF—
TVD1, LPF—CS1, LPF—CSD2) (Selesnick et al., 2014,2014a). We then compared their

performance in isolating and extracting transient deflections within NIRS-like signals.
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2.3. Methods

We present a simple post-processing method to increase sparsity of the SSA-DCT
decomposition method (O’Toole et al., 2018) and compared this modified algorithm
with multiple algorithms of LPF-TVD. To validate and compare these methods, we
used a set of synthetic rcSO, (regional cerebral oxygenation) signals with various

numbers of transients (O’Toole et al., 2018).

2.3.1. Singular-spectrum Analysis for Extracting Transients

Singular-spectrum Analysis:

The SSA method is presented as a data-driven filter-bank operation. For signal x = x[n]
forn=0, 1, ..., N-1 we form the k-th lagged vector with embedding dimension M as
xk={x[k+M-1-m]}Tform=1,2,.. M. Combining these lagged vectors, fork =1,
.., Kwith K=N-M + 1, we form the trajectory M x K matrix as X = (x1, X2, ..., Xx)
(Figueiredo et al., 2010). The correlation matrix of the trajectory matrix is

decomposed into an orthogonal basis using eigenvalue decomposition:

R =XX"=UAU

Matrix U = (us, ..., um)' contains the basis vectors um, known as eigenvectors; matrix A
= diag(A, ..., Am) contains the weights Am, known as eigenvalues. Each component xm
is generated through a finite-impulse response (FIR) filter with the eigenvector um as

the impulse response as

Xm = F* {F{x}| F{um}|?}.

Here, F represents the discrete-time Fourier transform, and F? indicates the inverse

transform of F. Thus, the SSA method decomposes signal x into M components Xm,
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where x= ZM_. xm.

Rejecting components xm associated with noise can increase the signal-to-noise ratio
of X (Figueiredo et al., 2010; Vautard et al., 1992), where X = XmEpXxm and D is a subset
of {1, 2, ..., M}. There are different methods to select this subset D, usually based on
the values of the associated eigenvalues. Here, we used a method proposed by
Vautard et al. (1992) based on a previous comparison of different methods for the
same class of signals (O’Toole et al., 2018). The method compares the possible noise
components Xm&p Xm in the autocorrelation domain to upper limits of a white
Gaussian noise process. These upper-limits are estimated from a 95% confidence

interval generated from 100 iterations of white Gaussian noise.

Extracting Transients:

The signal x is transformed using the discrete cosine transform (DCT). This equates to
a 90° rotation in the time—frequency plane. Therefore impulses, or impulse-like
transients, are transformed to sinusoidal-type components. Thus, applying the SSA to
the real-valued DCT signal enables the algorithm to extract oscillating components,
which when transformed back to the time-domain through an inverse DCT, represents
transient components. This decomposition was refined through an iterative

procedure. Full details can be found in (O’Toole et al., 2018).

Post-processing:

Although initial results were promising for the SSA—-DCT method (O’Toole et al., 2018),
we found that the method did not perform well when applied to long duration
cerebral oxygenation signals. In particular, we found that the extracted transient

components included a wandering baseline that distorted the rcSO; signal. To rectify
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this, we applied a simple post-processing procedure that generates a mask, bounded
within [0,1], to limit the wandering baseline by multiplying the mask with the extract
transient component. We refer to this modified method as SSA—DCT2 and the original
method as SSA—DCT1. The mask was generated as follows. First, a threshold is applied
to the extracted transient component x:, so that the mask m[n] = 1 when x; [n] < -T;
otherwise, m[n] = 0. This ensures that transient components must be at >T (% rcS0O)
in amplitude and always negative. Second, the sharp edges of the binary mask were
expanded using one-half of a 10-minute Blackman-Harris window to enable a smooth
transition from 0 to 1. Lastly, the mask was bounded to [0;1], as overlapping
transitions may have increased m[n]>1. From initial testing, T was set to 8 (% rcS0),
although this could be changed in future iterations based on physiological definitions
of cerebral desaturations. MATLAB code for both SSA—DCT methods are freely

available at https://github.com/otoolej/transient_decomp_ssa (version 0.2.0).

2.3.2. Total Variation Denoising Methods

Total variation denoising (TVD) is a sparsity-based denoising method that estimates a
signal component with a sparse derivative. TVD methods can be extended to enforce
sparsity on the signal itself, in addition to the derivative. Here we examine methods
that combine low-pass filtering with TVD (LPF-TVD) to allow for the decomposition of
the signal into a low-pass component in addition to a sparse component. This process
differs to low pass filtering the signal first, which can dampen transients (Selesnick et

al., 2014a). Given signal y, we find x by minimising the following cost function

argmin I [H(y) 12+ Ao Ix|ls+Aa | IDx| 12} (1)
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where | |x]| |p = (X, |x[n]|P)*P represents the |, norm for x and D represents the finite-
difference matrix, such that | |Dx| |1 = Y, [x[n + 1] — x[n]|. Matrix H is a high-pass

filter. Regularisation parameters Ao and A; are application dependent.

For the first method, which we refer to as LPF-TVD1, Ao =0. Thus, the signal X from (1)
may not be sparse but will have a sparse derivative. This minimisation problem in (1)
is solved using a majorization—minimisation convex optimisation algorithm. The
second method, known as the low pass filtering compound sparse denoising (LPF—
CSD1) method, estimates X from (1) using another convex optimisation algorithm, the
alternating direction method of multipliers. Further details on both algorithms can be

found in (Selesnick et al., 2014a).

The third method is an improved version of the LPF-CSD1 method (Selesnick et al.,
2014a). This method, which we call LPF-CSD2, uses the optimisation problem in (1)

but replaces the |1 norm with non-convex penalty functions ®o and @4
argmin ] [H (y)] 122+ M ZNZ3 @ o (x[n]) + M ZNZ3 @ 1 (x[n + 1] = x[n])} (2)

The use of these penalty functions allows for a better estimate of transient
components as they are less biased towards zero (Selesnick et al., 2014). We used the

following function, with parameter r, for ®g and @1

2 4y 1+2rvul+e o
Dlu;r) == ltan * (—7=—)-71 ()

With € set to 10 19 to avoid singularities at u = 0 in the derivative of ®.

Page 134 of 321



2.3.3. Performance Comparison

To compare methods, we used 100 synthetic rcSO;-like signals of length 43,200
sample points, corresponding to 72 hours with sampling frequency of 1/6 Hz, typical
of our NIRS recordings over the first days of life. The synthetic signals were a linear
combination of transient components and nonstationary coloured noise; full details
can be found in (O’'Toole et al., 2018). The number and amplitude of the transient
components were adjusted such that they were representative of NIRS signals of

extremely pre-term infants (< 28 weeks gestational age).

For the three LPF-TVD methods, we optimised the parameters for each method using
a grid search. Each method has a different set of parameters: LPF-TVD1 has A1; LPF-
CSD1 has Ao and A1; LPF-CSD2 has Ao, A1, ro and ri1, as parameters of the penalty
functions ®g and ®; in (2) and (3). Parameters Ao and A1 in LPF-CSD2 were estimated
using the procedure proposed in (Selesnick et al., 2014). The correlation coefficient
between the estimated and pre-defined transient component was used as the
optimisation metric. A different set of 50 synthetic rcSO; of length 12-hours were used
in the grid search. Based on initial testing on a subset of the data, we used a 1st order
high-pass filter, H in (1) and (2), with a normalised cut-off frequency f c = 0.01. The 5
methods were compared with each other using Kruskal-Wallis test utilising the
selected parameters from the grid search on the data set of 100 rcSO,-like signals.
Dunn’s post-hoc test was performed to compare the three LPF-TVD methods with
each other, SSA-DCT1 versus SSA-DCT2 as well as the best performing SSA-DCT

method versus the best performing LPF-TVD method.
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Methods were compared using two metrics - the mean squared error and correlation
coefficient between the predefined and estimated transient components- to test the
performance at estimating the transient components of the synthetic signals.

Statistical significance was determined as P < 0.05.
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Figure 2. 1. Grid search for the parameters of the LPF-TVD methods; A. Correlation
coefficient (R) for values of A1 in LPF-TVD1; B. Correlation coefficient for values of A0
and A1 in LPF-CSD1; C. Correlation coefficient for values of & in LPF-CSD2; Arrow
denotes maximum value of R; LPF-TVD1 - low-pass filtering total variation denoising;
LPF-CSD1 - low-pass filtering compound sparse denoising; LPF-CSD2 - the improved
version of LPF-CSD1

2.4. Results

Grid search for the LPF-TVD parameters found the following. For the LPF-TVD1
method A1 = 26 (Figure 2. 1. A); for the LPF-CSD1 method, the best combination of Ao
and A1 was Ao = 0.5 and A1 = 14 (Figure 2. 1. B); for the LPF-CSD2 method, we used a
standard deviation (SD) estimate of the noise component as 4.69 and an optimised 0
value of 0.04, which results in Ao = 0.54, A1 = 21.32, ro = 0.001 and r1 = 0.17 (Figure 2.

1.C) (3).

A comparison between the three LPF-TVD methods showed that the LPF-CSD1
method outperformed the other two methods (Figure 2. 2). LPF-CSD1 had a
statistically significantly higher correlation coefficient compared to LPF-CSD2; median
correlation for LPF-CSD1 was 0.94 (95% Cl: 0.93 to 0.94), compared to median
correlation of 0.92 (95% Cl: 0.91 to 0.93) for LPF-CSD2, P < 0.01. Moreover, LPF-TVD1
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method had the lowest performance compared to the LPF-CSD1 and LPF-CSD2
methods with median correlation of 0.28 (95% Cl: 0.26 to 0.30) (Figure 2. 2). Mean
square error of LPF-CSD1 and LPF-CSD2 did not differ significantly; median error for
LPF-CSD1 and LPF-CSD2 were 07 (95% Cl: 0.86 to 1.07) and 0.84 (95% Cl: 0.75 to 0.93)
respectively, P > 0.1 (Figure 2. 2). The post-processing component improved the
performance of the SSA-DCT method such that SSA-DCT2 outperformed SSA-DCT1.
The SSA-DCT2 method had a significantly higher correlation coefficient compared to
SSA-DCT1 method; median correlation 0.86 (95% Cl: 0.83 to 0.88) in SSA-DCT2
compared to median correlation 0.6 (95% Cl: 0.57 to 0.63) in SSA-DCT1 method, P <
0.001. In addition, the SSA-DCT1 method had significantly higher median error
compared to SSA-DCT2, 5.8 (Cl of 5.55 to 6.06) vs 1.48 (Cl of 1.33 to 1.63), P < 0.001
respectively (Figure 2. 2). The comparison of SSA-DCT2 and LPF-CSD1 revealed that
LPF-CSD1 outperformed SSA-DCT2 with a higher correlation coefficient and lower
mean-squared error (P<0.001). An example of these two methods for a synthetic
signal is shown in Figure 2. 3. Both methods appear to remove all transients (Figure
2. 3. A); however, on closer inspection (Figure 2. 3. B & Figure 2. 3. C), we find that
neither method is perfect. LPF-CSD1 tends towards a very sparse solution, and
undershoots the transients; in contrast, SSA-DCT2 does a better job in estimating the
amplitude of the transients but also tends to overshoot around the edge of the

transients, possibly due to the filtering operation of the SSA-DCT2.
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Figure 2. 2. Comparison between the LPF-TVD methods and between the SSA-DCT
methods, and comparison between the best performing algorithm in each group
when assessed on 100 synthetic NIRS-like signals; * indicates p < 0.05, ** indicates p
< 0.01, and *** indicates p < 0.001; LPF-TVD1 - low-pass filtering total variation
denoising; LPF-CSD1 - low-pass filtering compound sparse denoising; LPF-CSD2 - the
improved version of LPF-CSD1; SSA-DCT1 —singular spectrum analysis and the discrete
cosine transform; SSA-DCT2 — SSA-DCT1 with post-processing.
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Figure 2. 3. A. SSA-DCT2 and LPF-CSD1 decomposition methods on a NIRS-like
synthetic signal; B. Magnified area from A, indicated by the ‘4 hours’ line; c. Zoomed-
in predefined transients and extracted ones; rcSO2 — regional cerebral oxygen
saturation; SSA-DCT2 - singular-spectrum analysis and the discrete cosine transform
with post-processing; LPF-CSD1 - low-pass filtering compound sparse denoising
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2.5. Discussion and Conclusion

This study sought to identify the best method to isolate and extract transient
deflections within synthetic NIRS signals. We report that LPF-CSD1 was an effective
and efficient method to isolate predefined transients in synthetic NIRS signals. Not
only does the LPF-CSD1 perform better than LPF-CSD2 on synthetic NIRS signals, it
also is computationally efficient in comparison to the SSA-DCT method, as it is
approximately 3 to 4 orders of magnitude faster than the SSA-DCT methods. We found
that the LPF-CSD1 method outperforms other methods for decomposing the
transient components in synthetic preterm NIRS-like signals. Although the post-
processing component of the SSA-DCT considerably improved performance of this
method (correlation of 0.86 compared to 0.6), it did not outperform the best LPF-TVD
method. Performance of LPF-CSD1 appears robust to a range of lambda values (see
Figure 2. 2.), nevertheless the optimisation of these parameters may have provided
this method with an advantage over SSA-DCT2. Future studies could consider
optimising parameters of the SSA-DCT method, although the computational overhead
for this method may hinder a brute-force grid search. LPF-CSD2 had been proposed
as an improved version of LPF-CSD1, particularly with regard to estimating transient
components, but we did not find this to be the case. Although we used a procedure
to estimate these 4 parameters through a SD estimate of the noise as previously
reported (Selesnick et al., 2014) and optimised one parameter, this method may not
be optimal for synthetic NIRS signals that have a level of convexity. Furthermore, the
non-convex penalty functions used in LPF-CSD2 can have local minima which makes
it challenging to find the global minimum (Selesnick et al.,, 2014). However, one

limitation of the LPF-CSD1, relative to the SSD-DCT2 method is that preliminary

Page 141 of 321



analysis suggests that SSA-DCT2 identifies transient amplitude more effectively than
the LPF-CSD1 method. The amplitude of the NIRS signal is an important component
of NIRS-guided therapy in this on-going clinical trial (Hansen et al., 2019). Therefore,
extracting the full amplitude of transient oxygen desaturations is extremely
important. Future studies will explore the suitability of LPF-CSD1 and SSA-DCT2
methods on larger datasets of real NIRS signals and investigate the role of cerebral

oxygenation desaturations in preterm brain injury.
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3.1. Abstract:

Objective: To test the potential utility of applying machine learning methods to
regional cerebral (rcSO;) and peripheral oxygen saturation (Sp0O.) signals to detect
brain injury in extremely preterm infants. Study design: A subset of infants enrolled
in the Management of Hypotension in Preterm infants (HIP) trial were analysed
(n=46). All eligible infants were <28 weeks gestational age and had continuous rcSO;
measurements performed over the first 72 hours and cranial ultrasounds performed
during the first week after birth. SpO, data were available for 32 infants. The rcSO;
and SpO; signals were pre-processed, and prolonged relative desaturations (PRDs;
data-driven desaturation lying in the 2-to-15-minute range) were extracted.
Numerous quantitative features were extracted from the bio-signals before and after
exclusion of the PRDs within the signals. PRDs were also evaluated as a stand-alone
feature. A machine learning model was used to detect brain injury (Intraventricular
haemorrhage-IVH grade II-IV) using a leave-one-out cross validation approach.
Results: The area under the receiver operating characteristic curve (AUC) for the PRD
rcSO; was 0.846 (95% Cl: 0.720 - 0.948), outperforming the rcSO, threshold approach
(0.691, 95% Cl: 0.494 - 0.861). Neither the clinical model nor any of the SpO; models
were significantly associated with brain injury. Conclusion: There was a significant
association between data-driven definition of PRDs in rcSO; and brain injury.
Automated analysis of PRDs of the cerebral NIRS signal in extremely preterm infants
may aid better prediction of IVH compared to a threshold-based approach. Further
investigation of the definition of the extracted PRDs and an understanding of the

physiology underlying these events is required.
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Does machine learning detect intraventricular haemorrhage in extremely preterm infants?
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Figure 3. 1. Graphical abstract of HIP study. Created with Biorender.com
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3.2. Introduction

Survival in the preterm population is improving, especially for extremely preterm
infants. However, long-term adverse neurodevelopmental outcomes remain an
ongoing concern, with morbidity increasing with decreasing gestational age (Cheong
etal., 2017; Bulbul et al., 2020; Juul et al., 2022). A recent systematic review suggested
that between 5-52% of preterm infants will develop some degree of intraventricular
haemorrhage (IVH); the disparity attests to the variability in clinical practice and
potential diversity within this particular patient population (Siffel et al., 2021). Many
studies have associated IVH in extremely preterm infants with poor
neurodevelopment in the early years of life (Allan et al., 1997; Adams-Chapman et al.,
2008). A recent study examined children who were born extremely preterm but were
assessed during school years (age 8) and reported that all grades of IVH were
associated with a higher risk of cerebral palsy and that higher grades of IVH were
associated with a higher risk of impaired academic scores (Hollebrandse et al., 2021).
The duration and severity of the physiological insults or intrinsic vulnerability
corresponding to the different grades of IVH are unknown (du Plessis & Volpe, 2002).
Matsushita et al. (2022) performed a retrospective study examining potential
similarities using 62 clinical features from 215 individual infants born <1000 g. Their
cluster analysis of the data revealed six distinct phenotypic clusters, some of which
were associated with IVH. The authors’ unsupervised machine learning approach may
contribute to a better understanding of the IVH population in the future (Matsushita

et al., 2022).
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Hypoxia is believed to be a contributory factor in the development of IVH. A recent
study found that infants with IVH spent a greater percentage of time with a heavier
burden of cerebral hypoxia, compared to those who did not have IVH (Ng et al., 2020).
This is congruent with changes in systematic and cerebral haemodynamics that reveal
a pattern consistent with a hypoperfusion—reperfusion cycle (Noori et al., 2014).
Impaired cerebral autoregulation may result in cerebral blood flow disturbance and
potential rupture of the fragile vasculature of the germinal matrix, resulting in IVH

(O’Leary et al., 2009; Alderliesten et al., 2013; Martini et al., 2022).

Near-infrared spectroscopy (NIRS) is a non-invasive optical technology that is used for
continuous bedside monitoring of regional cerebral oxygen saturation (rcSO;) and
provides information on neonatal cerebral haemodynamics (Pavlek et al., 2021).
Measurement of cerebral oxygenation may be an important tool to guide treatment
and prevent cerebral hypoxia (Kalteren et al., 2021) in the most immature infants
(Pavlek et al., 2021). Cerebral NIRS has become commonplace in clinical practice
(Plomgaard et al.,, 2019; van Bel et al., 2008). However, a recent meta-analysis,
including data from 2606 infants, concluded that there were insufficient data to
support or reject the benefit of cerebral NIRS monitoring for improved clinical
outcome measures (Hansen et al., 2022). This is not surprising as there is no general
agreement concerning the absolute values of rcSO; associated with brain damage.
These absolute values have ranged from rcSO,; < 50% (Alderliesten et al., 2014;
Verhagen et al., 2015) to rcSO; < 65% (Alderliesten et al., 2016), and in one recent
randomised trial there was no association between rcSO; < 55% or rcSO2 > 85% and
adverse long-term outcomes (Plomgaard et al., 2019). The variability in absolute

values of rcSO; between NIRS devices and sensors and between different gestational
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ages makes it difficult to reach a consensus on normal values of rcSO; in preterm
infants (Alderliesten et al., 2016; Dix et al., 2013). Therefore, alternative methods of

describing the continuous signal should be evaluated.

We have previously employed signal processing methods to investigate the
association of cerebral oxygenation in preterm infants born less than 32 weeks of GA
with IVH and periventricular leukomalacia (PVL). We found that features of the signal
amplitude within certain frequency bands (0.9-3.6 mHz) were useful for detecting
brain injury (O’Toole et al., 2016). Subsequently, we detected the presence of
desaturation waveforms in rcSO; in extremely preterm NIRS recordings and reported
that removing these prolonged relative desaturations (PRDs; data driven
desaturations) increased the predictability of the NIRS signals in detecting brain injury
(O'Toole et al., 2018). However, this was based on a relatively small sample size (n =
10). The objective of the current study was, therefore, to isolate PRDs in rcSO; and
SpO; signals in preterm infants less than 28 weeks, and using machine learning
models, explore their putative relationship with brain injury in preterm infants.
Furthermore, we sought to examine the potential value of combining clinical features

with features from the NIRS signals for detecting preterm brain injury.

3.3. Methods

3.3.1. Study Design and Participants

The current study analysed data derived from a multicentre clinical trial, the
Management of Hypotension in Preterm Infants (HIP, Trial registration number
NCT01482559, EudraCT 2010-023988-17) (Dempsey et al., 2021). The infants were

recruited between February 2015 and September 2017 at Cork University Maternity
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Hospital. Infants were considered for inclusion if they met the following criteria: (i)
were born with a gestational age of less than 28 weeks; (ii) had an indwelling arterial
line in place to monitor blood pressure; (iii) showed no significant intraventricular
haemorrhage (grade 3 or 4) on a cranial ultrasound scan; (iv) and experienced low
blood pressure, defined as a mean blood pressure one mmHg or more below a mean
value corresponding to their gestational age in completed weeks, persisting for at
least 15 minutes within the first 72 hours after birth. Patients were excluded if
attending clinicians deemed them unlikely to survive, major congenital anomalies, or
evidence of severe hypovolemia. Data from 46 extremely preterm infants were
analysed in this study, including both male (n = 25) and female (n = 21) infants. The
mean birth weight of the infants was 767.41 g + 155.57 g, 20 of whom were diagnosed
with hypotension. All infants underwent continuous (>24 h) rcSO; measurements
using NIRS over the first 72 h and cranial ultrasounds performed during the first week

of life. A subset of these infants (n = 32) also had continuous SpO, data available
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(Figure 3. 2). This study was approved by the Clinical Research Ethics Committee, Cork,

ECM 5(2) 15 January 2013.

Assessed for eligibility (n = 809)

Invasive line in situ (n = 307)

4
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Exclusion criteria:n=5
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Figure 3. 2. HIP trial flow diagram. Data collected in section [A] has been used in
current study. Data collected in section [B] was utilised in the study described in 3.7.
and data collected in section [C] was utilised in the study described in section 3.8.

3.3.2. Data Collection

The INVOS 5100 device, (Covidien Mansfield, MI, USA) was used with the neonatal

transducer, INVOS OxyAlert NIRSensor (Covidien, Mansfield, MI, USA) to make

continuous measurements of rcSO;. The cerebral sensor was placed on the right

frontotemporal area of the forehead, measuring the ratio of oxygenated haemoglobin
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to the total haemoglobin in the tissue beneath. When available, the Moberg CNS
device (Moberg, PA, USA) was used to time-synchronise and store the rcSO; and

peripheral oxygen saturation (SpO) data.

Sp0; was recorded using a pulse oximeter (IntelliVue, MP70, Philips Healthcare, Best,
The Netherlands, or equivalent). SpO, data were only available for infants whose
rcSO; data was stored using a connected device (Moberg Neuroscan, Ambler, PA, USA)
(32/46). Sp0O, data were collected with two sampling frequencies of 1 and 0.5 Hz and
stored for later analysis, and all patient information was replaced by individual

research codes.

Clinical ultrasound recordings were performed using a Philips HD-11XE ultrasound
system and probe C8-5. Ultrasounds were reviewed and graded by experienced
paediatric radiologists, who were blinded to the patients’ clinical characteristics and
haemodynamic findings. Volpe’s criteria (Volpe, 2008) were used to classify IVH, and
the highest grade of IVH identified by ultrasound in the first week of life was used in
a dichotomous outcome label. For the purpose of our machine learning model, brain
injury was defined as IVH grade II-IV in the first week of life, and IVH grade | or no IVH
was classified as non/mild brain injury for this study (Payne et al., 2013). It is
important to note that infants that were labelled as IVH grade | in our study did not

progress to IVH Il, and their haemorrhage often improved within the first week.

A combination of clinical data, used by clinicians for the early identification of infants
at risk of IVH, were analysed in this study. These clinical attributes included the
following binary variables: sex, hypotension, receiving any inotrope, and the presence

of chorioamnionitis in utero. Other continuous variables included birth weight (g) and

Page 155 of 321



head circumference (cm), and discrete variables included Apgar score in the first 5

min of life and gestational age (GA, days).

3.3.3. Signal Processing

The INVOS device records using a nonuniform sampling frequency, typically between
1/5 and 1/6 Hz. At this sampling frequency, these devices need external memory to
store data. When this device was not available, the INVOS device stored data in
internal memory with a nonuniform sampling frequency typically between 1/34 and
1/35 Hz. To generate a uniform sampling rate, cubic spline interpolation was used to
fill in the missing data (Ouchi et al., 2022). The rcSO; signal was then up sampled to a
sampling frequency of 10 Hz, and a low-pass filter (a zero-phase finite impulse
response filter, FIR) was used to prevent aliasing before down-sampling to 1/6 Hz.

Missing data that were filled in using cubic spline interpolation were removed.

In some cases, the NIRS probe became loose, detached or was temporarily removed
during recordings over 72 h. In these cases, rcSO; was not recorded or saturated at
the minimum value of 15% (Hessel et al., 2014). Thus, in data points equivalent to

15%, a collar of 30 s was applied, and those data points were removed.

To preprocess the SpO; signals, first values of less than 20% or sudden changes (more
than 4% in one second) with a collar of 30 s were removed, as these are indicative of
movement or device artefacts (Buekers et al., 2019). Missing data were interpolated
using cubic spline interpolation (Ouchi et al., 2022), and the signal was down-
sampled, after applying an appropriate anti-aliasing low-pass filter, to 1/6 Hz for
agreement with the rcSO; signal. Missing data prior to down-sampling were then

removed.
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3.3.4. Extracting Prolonged Relative Desaturations

A decomposition method, designed specifically to extract PRDs from rcSO; signals in
preterm infants (Ashoori et al., 2021), was used to extract PRDs from both the rcSO;
and SpO; signals. This method applies a discrete cosine transform to the signals
before using singular spectrum analysis to extract the transient-like components
(O’Toole et al., 2016). This PRD decomposition method is a data-driven operation that
we have shown to be effective in isolating the PRDs from synthesised NIRS-like signals
(Ashoori et al., 2021). The duration of these PRDs typically lies in the 2-to-15-min
range, and these desaturations have been defined and excluded using data-driven

methods rather than using an absolute value as a threshold.

Three different modalities of the rcSO, were analysed: the rcSO; unprocessed, the
rcSO; signal without the PRD component, and the rcSO, PRD component alone. For
the first two modalities (i.e., rcSO, and rcSO, without the PRDs), the following
methods were employed. First, the signals were filtered using a filter bank according
to a dyadic frequency response. Five zero-phase finite-impulse response filters—with
a frequency bandwidth of a/(2b), where a = fs /2 and b = 0,1,2,3,4—were used for
band-pass filtering. Next, quantitative features were extracted for each filtered signal
over a 4 h epoch with a 50% overlap. The number of epochs varied between 14 and

37, depending on the duration of recorded NIRS.

3.3.5. Feature Extraction

Amplitude-modulation features included the mean, standard deviation (SD), the 5t
and 95" percentiles of the envelope, skewness, and kurtosis of the signal.

Instantaneous frequency (IF) was estimated using a central-finite difference of the
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phase of the signal; mean, SD, skewness, kurtosis, and the 5™ and 95 percentiles of
the IF were again used as features. Fractal dimension (FD) was estimated using the
Higuchi method (Higuchi, 1988). The postnatal age of the infants in each epoch was

added to the feature set, resulting in a total feature set of 66 features.

A distinct set of features was measured directly from the extracted PRDs: frequency
of the PRDs per hour, total power, envelope summarised in mean and SD, Hjorth
parameters (activity, mobility, and complexity), interspike interval summarised in
mean and standard deviation, time spent below 63% rcSO; (85% for SpO; transients),
the average of the nadir amplitude of PRDs, the average of the downward slope (the
slope of the line between the PRD’s baseline and nadir), the average of the upward
slope (the slope of the line between the PRD’s nadir and baseline), and averaged
duration of the PRDs. The total feature set for PRDs contained 14 features. Some of
these features are illustrated in Figure 3. 3. The entire process, from signal

decomposition to feature extraction, was also applied to the SpO; signal.
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Figure 3. 3. lllustration of some of the quantitative features extracted from PRDs.

3.3.6. Machine Learning Models

A predictive model of brain injury was developed using a sequential ensemble of
decision trees, known as an extreme gradient boosting machine (XGBoost). To reduce
variance in the model, a common problem with small noisy data sets, regularisation
was increased from default values by setting the maximum tree depth to 3. The total
number of trees was 50, and the learning rate was 0.1. The feature set of 66 features
per each 4 h epoch was used to train and test the model, using a leave-one-baby-out

cross-validation procedure. In this method, the features derived from one infant were
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left out, and the remaining data were used to make the model, and then the model
was tested on the excluded infant. This process was repeated for all the infants in the

study, a total of 46 times, to overcome overfitting.

This approach was used to develop separate models for the rcSO, and SpO; signals,
and then again for extracted PRD components. Feature importance was estimated for
significant models, to examine how each feature contributed to the model’s

prediction.

Due to its superior performance on nosier data sets, a bagging ensemble known as a
random forest was used to develop a predictive model using recorded clinical
attributes. The random forest combines multiple decision trees developed
independently on different subsets of data. The default parameters of the random
forest were used with 500 trees. Similarly, a leave-one-baby-out cross-validation

procedure was used to train and test the model.

3.3.7. Combining Models

To test if clinical information could enhance the predictability of detecting brain injury,
the rcSO; model and clinical model were combined using a late-stage fusion
approach. Specifically, the probabilities generated from the rcSO; model were
combined with the probability of the clinical-feature model using the geometric
mean. The same approach was applied to combining the SpO, and clinical models. All
the steps taken to process the signal, extract the PRDs and features, and utilise the

machine learning model are presented in Figure 3. 4.
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Figure 3. 4. Summary of the steps taken to process the signal, extract the relative prolonged desaturations (PRDs) and features, and utilise the
machine learning model
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3.3.8. Statistical Analysis

Fisher’s exact test was used to compare the proportion of infants with brain injury
between the two rcSO; sampling frequencies (~1/6 and ~1/35 Hz). To evaluate the
ability of each model to detect brain injury, the area under the receiver operating
characteristic curve (AUC) and its corresponding 95% confidence interval (Cl) were
analysed. AUC was considered significant if the value of AUC and the lower Cl were
greater than 0.5. An AUC value of 0.5 indicates that the model performs no better
than a chance in distinguishing between true and false positives, so any value greater
than 0.5 is an improvement over random guessing (Fan et al., 2006). Cls were
calculated using a bootstrapping procedure with resampling (with replacement) on a
per-infant basis. In SpO, XGBoost models, a hyperparameter, scale-pos-weight, was
added and set to the ratio of the number of negative to positive samples to account
for class imbalance in the dataset. The threshold used on the model probability for
calculating sensitivity, specificity, and accuracy was 0.4; thus, any predicted
probability scores greater than or equal to 0.4 were considered positive predictions.
Matthew’s correlation coefficient (MCC) was also used as a performance metric of
the classification models. Additional analysis was performed to calculate the AUC of
the separate variables of PRDs, to test how each variable performed in distinguishing
between outcome labels. Furthermore, the use of time spent below threshold values
(<63% rcSO,, <85% Sp0,) in the predictability of brain injury was examined. This
analysis was conducted to compare the efficacy of our machine learning models,
which utilises numerous quantitative features, with that of current threshold-based

methodologies. The grand average of all extracted PRDs from IVH and non/mild IVH
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Relative change from baseline (reS02)

groups was calculated and reported in Figure 3. 5 to illustrate the conformation of

the PRDs in each group.
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Figure 3. 5. Averaged curve of all rcSO; PRDs in the intraventricular haemorrhage
group (dashed line) vs. no/mild intraventricular haemorrhage group (solid line); X-
axis indicates the time in minutes when the grand average of rcSO, PRDs starts to
deviate from baseline, reaches the nadir, and increases to baseline again.
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3.4. Results

This study utilised data gathered from 46 infants born less than 28 weeks of GA with
rcSO; recorded for >24 h. The clinical characteristics of infants included in this study
are detailed in Table 3. 1. We found no significant association between sampling
frequency and outcome indicating that sampling frequency was not a confounding
factor (p = 0.505, Fisher’s exact test). The average duration of the rcSO; recordings
and deleted data due to artefact removal were 60.98 h and 0.004 h, respectively.
Averaged duration of recorded SpO; and deleted data due to artefact removal were

63.79 h and 1.49 h, respectively.

Neither a single clinical attribute nor the combination of all attributes in our model
was predictive of the short-term clinical outcome: the random forest model had a
median (95% Cl) testing AUC of 0.57 (0.39-0.76) (Table 3. 2). Thus, we did not find
evidence that clinical data, individually or combined, can detect IVH in the first week

after birth.

The rcSO; models before or after PRD removal were not significantly associated with
IVH injury (AUC 0.53, Cl = 0.31-0.74 and AUC = 0.54, Cl = 0.33-0.74, respectively).
Combining these rcSO; models with the clinical model did not improve the
performance of the models (Table 3. 2). However, the model using the isolated rcSO>
PRDs was significantly associated with brain injury, with an AUC of 0.85 (0.72—0.95).
The sensitivity and specificity of this model were 0.85 and 0.58, respectively.
Matthew’s correlation coefficient (MCC) was 0.57. Adding the clinical model to the
rcSO, PRD model showed no practical improvement in performance (AUC = 0.86

(0.74-0.96), sensitivity = 0.94, specificity = 0.25, MCC = 0.61) (Table 3. 2). For
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comparison with the current literature, we also tested if the threshold value of 63%,
i.e., the time rcSO; spent below 63%, was a useful predictor, but this marker was not

predictive of brain injury in our cohort (AUC 0.59, Cl = 0.40-0.78) (Table 3. 2).

Following analysis of the individual features extracted from rcSO, PRDs, we report
that only mean amplitude was significantly associated with IVH with an AUC of 0.73
(95% Cl: 0.53—0.92) (Table 3. 3), which was less robust than the XGBoost rcSO, PRDs
model. The grand average of the extracted PRDs among all infants in the IVH group
vs. non/mild IVH group is presented in Figure 3. 5. A higher amplitude of deflection
from the baseline in the IVH group compared with the non/mild IVH group is evident.
SpO; was recorded for 32 infants. None of the three SpO, models were significantly
associated with brain injury (Table 3. 2). Combination with the clinical model did not
improve the detection of brain injury. For comparison with the current literature, we
also tested if the threshold value of 85%, i.e., the time SpO; spent below 85%, was a
useful predictor, but this marker was not predictive of brain injury in our cohort (AUC

0.52, Cl = 0.28-0.76) (Table 3. 2).
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Table 3. 1. Clinical data of the subset of infants from the HIP trial included in the

current study.

Clinical features

Brain injury (n = 12)

No/mild injury (n = 34)

Sex (male) 8 (67%) 17 (50%)
(% of total number of infants in group)

Hypotension 7 (58%) 13 (38%)
(% of total number of infants in group)

Inotrope 3(25%) 6 (18%)
(% of total number of infants in group)

Chorioamnionitis 0 (0%) 5(15%)
(% of total number of infants in group)

Gestational age (days) 178.5 (7.5) 181.3 (8.8)

Mean (SD)

Birth weight (g)

769.2 (173.7)

766.8 (151.5)

Mean (SD)

APGAR score (5 min) 7.0(2.0) 6.9 (1.9)
Mean (SD)

Head circumference (cm) 23.3(1.5) 23.3(1.5)

Mean (SD)

Page 166 of 321




Table 3. 2. Area under the curve (AUC) values for the signals used to predict brain

injury in the first week of life.

Model AUC 95% confidence interval
Clinical data 0.575 0.390-0.759
rcSO2 0.569 0.362-0.779
rcSO; without PRDs 0.576 0.365-0.780
rcSO2 PRDs 0.846* 0.736 - 0.964
rcSOzand clinical data 0.581 0.400 - 0.767
rcSO2 without PRDs and clinical | 0.608 0.412-0.793
data

rcSO2 PRDs and clinical data 0.860 * 0.758-0.974
Sp0:2 0.198 0.000 - 0.459
SpO; without PRDs 0.261 0.061 -0.545
SpO2 PRDs 0.493 0.264 - 0.741
Sp0O; and clinical data 0.324 0.133-0.546
Sp0O, without PRDs and clinical | 0.348 0.151-0.579
data

Sp0O2 PRDs and clinical data 0.454 0.235-0.697
rcSO; time spent below 63% 0.593 0.399-0.775
SpO; time spent below 85% 0.522 0.277 - 0.759

*indicates significant AUC
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Figure 3.6. lllustration of feature importance of the XGBoost model using rcSO2
prolonged relative desaturations (PRDs) in predicting intraventricular haemorrhage.
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Table 3. 3. Area under the curve (AUC) values for the individual features of rcSO2 PRDs
used to predict brain injury in the first week of life.

Feature AUC 95% confidence interval
Frequency of the transients per | 0.409 0.201-0.619
hour

Total power 0.368 0.191 - 0.560
Envelope (mean) 0.397 0.214-0.592
Envelope (standard deviation) 0.539 0.352-0.738
Hjorth parameters (activity) 0.603 0.399-0.802
Hjorth parameters (mobility) 0.409 0.214-0.602
Hjorth parameters (complexity) 0.569 0.353-0.775
inter-spike interval (mean) 0.532 0.306-0.748
inter-spike interval (standard | 0.5049 0.282-0.714
deviation)

Time spent below 63% 0.691 0.494 - 0.861
Nadir amplitude of PRDs (mean) 0.733* 0.530-0.919
Slope down (mean) 0.689 0.474-0.883
Slope up (mean) 0.669 0.477 - 0.838
Duration of the PRDs (mean) 0.603 0.422-0.770

* indicates significant AUC
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3.5. Discussion

This study set out to examine the potential utility of machine learning models of rcSO»
signals recorded in the first 72 h after birth in extremely preterm infants, and their
usefulness in detecting IVH in the first week after birth. Our results demonstrate that
a data-driven combination of extracted features from isolated PRDs of rcSO; signal

was associated with IVH in this cohort of extremely preterm infants.

Previous studies have employed different methods for interpreting NIRS data as an
early predictor of IVH. The absolute value of the NIRS signal is used as a criterion for
intervention in some NICUs; however, NIRS values vary with gestational age and are
dependent upon different algorithms incorporated into the devices (Verhagen et al.,
2015). The absolute value of NIRS, being predictive of adverse outcome, ranged from
<50% (Alderliesten et al., 2014; Verhagen et al., 2015) to <65% (Alderliesten et al.,
2016) with varying sensors. SafeBoosC-Ill, the randomised clinical trial, used cerebral
oximetry during the first 72 h after birth to guide intervention in extremely preterm
infants. The authors report that the use of NIRS did not alter the incidence of death
or severe brain injury at 36 weeks’ postmenstrual age after birth compared with
infants assigned to receive usual care (Hansen et al., 2023). In this trial, if infants
randomised to the NIRS group had cerebral oxygenation below the threshold for
hypoxia, treatment was considered (Hansen et al., 2019). Of note, the time rcSO;
spent below 63% was not predictive of brain injury in the current preterm cohort
(AUC 0.593 Cl 0.399-0.775). The potential uncertainty relating to absolute NIRS
values necessitates the development of alternative methods, including the use of

other features of the signal for their potential to predict outcomes.
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The results of the current study indicate that the features we extracted from the rcSO;
signal, before and after excluding PRDs, were not predictive of IVH. These findings are
in contrast with previous signal processing methods that proposed an improvement
in performance when the PRDs were removed (O’Toole et al., 2016). However, this
earlier study covered a wider GA (<32 weeks), used shorter epochs (2 h), had a
different sampling frequency (1/35 Hz) compared with what we used (1/6 Hz), and
was limited by a small sample size (n = 10). Interestingly, however, in this current
study, features arising from the rcSO; PRDs were associated with IVH. If validated, Al
recognition of this novel feature of NIRS signal during bedside monitoring could

facilitate the timely implementation of neuroprotective strategies for the infant.

The PRDs were extracted from the NIRS signal using a previously described method;
this procedure is a data-driven tool that identifies transient-like waveforms of the
order of one to tens of minutes within a signal. Therefore, the PRDs are not
predefined events determined by absolute amplitude, duration, or frequency. Post-
extraction analysis of the PRDs, as illustrated in Figure 3. 5, indicates that they are
events lasting minutes with a relative change in signal of approximately 11-14%.
Features of these estimated PRDs are then combined using a machine learning
model, a process that can detect variances not discernible visually and also a process

that due to its complexity can be difficult to relate back to signal characteristics.

This study contributes to the recent debate about the role of rcSO; in predicting early
adverse outcomes. We must strive to overcome current limitations in the
interpretation of NIRS with the use of innovative analysis. The quantification of rcSO;

is considered to arise from venous/arterial blood (70%/30%) and is influenced by
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many potential variables, including perfusion, cerebral autoregulation, cerebral
activity, and oxygen extraction, which make it more challenging to interpret (Suppan
et al., 2022). Previous studies have reported a strong correlation between cerebral
oxygen desaturation and low cardiac output in preterm infants (Bresesti et al., 2021;
Janaillac et al., 2018). The continuous and simultaneous measurement of mean
arterial blood pressure, cardiac output, and EEG brain activity could provide

additional insight if incorporated into the analysis of rcSO..

SpO; has been used to guide respiratory care. In 2007, the American Academy of
Pediatrics recommended a range of 85—-95% in preterm infants, and in 2010 the
recommended target range was set to 85-93% by the European Association of
Perinatal Medicine (Sweet et al., 2008; The American Academy of Pediatrics and the
American College of Obstetricians and Gynecologists, 2007). More recently, large
clinical studies, such as NeOProM (Neonatal Oxygenation Prospective Meta-analysis)
have narrowed the recommended range of SpO; (Askie et al., 2018). Pooled data from
the NeOProM clinical trial reported that extremely preterm infants with SpO> values
of 85-89% were at higher risk of mortality and necrotizing enterocolitis compared
with ones with SpO; values of 91-95%. However, the risk of retinopathy of
prematurity was higher in preterm infants with higher levels of SpO, (Askie et al.,
2018). Sullivan et al. (2018) suggested that the combined features of SpO, (mean, SD,
kurtosis, and skewness) with clinical data in the first 12 h and the first 7 days of life
were associated with severe IVH (grade Ill and IV) and NEC. In terms of absolute
values, Vesoulis et al. (2019) studied 645 infants born <32 weeks of GA and proposed
that the duration of time spent with SpO, < 70% was correlated with severe grade |l

and IV IVH. Moreover, a lower level of SpO; was associated with IVH grades Il and IV
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in very low birth weight infants (Zanelli et al., 2023). However, in the current study,
we did not find an association between features extracted from the SpO; signal,
including and excluding PRDs or with time spent below SpO,; < 85%, with IVH
outcome. If the isolated PRDs in the rcSO, were caused by systemic hypoxemia, we
reasoned that PRDs isolated from the SpO. signal would also be predictive of IVH
outcome. This would be significantly advantageous as the use of pulse oximetry is
more widespread than cerebral oxygen monitoring. However, we did not find features

of isolated PRDs from the SpO> signal that were associated with IVH injury.

SpO; is dependent on detecting a variance in transmitted light. Thus, when perfusion
decreases, pulse amplitude gets smaller and pulse oximetry readings are adversely
affected. As a result, hypotension and hypothermia that cause poor peripheral
perfusion can render pulse oximetry prone to error (DeMeulenaere, 2007).
Furthermore, pulse oximetry is influenced by the presence of foetal haemoglobin
(FHb) (PritisSanac et al., 2021). FHb is the main oxygen carrier during pregnancy and
starts to be replaced by adult haemoglobin from the 20th week of gestation
(Sankaran et al., 2013). FHb has a higher affinity for oxygen compared with adult
haemoglobin and does not provide enough oxygen diffusion and delivery in neonates.
Thus, the probability of higher concentration of FHb and increased affinity for oxygen
and the fact that 20 out of 46 infants were hypotensive might contribute to the poor

association between Sp0O; and IVH outcome in our cohort.

PRDs were evident in all infants and were extracted from both rcSO, and SpO..
Further investigation in a subset of infants revealed that there were both

asynchronous and synchronous PRDs in both signals. These events in SpO2 may
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represent systemic hypoxemia brought about by poor gas exchange or decreased
perfusion. Independent decreases in rcSO, may reflect selective overt impairment of
regional cerebral perfusion or instances of increased oxygen utilisation in the face of

enhanced functional demand with inadequate neurovascular coupling.

A limitation of this study is that the outcome was defined based on the highest grade
of IVH diagnosed using ultrasound in the first week of life, and the exact time of the
IVH occurrence was unknown. Furthermore, SpO; was recorded for only 32 out of 46
infants, and SpO and rcSO; were time-synchronised for only 26 infants. Moreover,
the signal decomposition method used to extract the PRDs performed well in
isolating the desaturations that were long (average of 8 min), but many shorter
(approximately <1 min) desaturation events were not captured using this method.
Algorithms could be developed to isolate these briefer transients and test their

predictability of IVH in future studies.

This study proposes that the features extracted from the rcSO, signal contain
information that may be useful in the early detection of brain injury, which may not
be the case for the SpO; signal. Decreases in cerebral oxygen saturation may reflect
hypoxia, vasoconstriction, low blood flow, and/or impaired autoregulation. It is not
possible to determine the individual or combined elements of each of these
possibilities. However, what is clear is that a combination of quantitative features of
these relative cerebral desaturations (PRDs) is associated with brain injury in
extremely preterm infants. The incorporation of machine learning methods needs to

be validated in future large cohorts of extremely preterm infants.
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3.7. Machine Learning Models Using NIRS and Clinical Data Predicts
Two-year Neurodevelopmental Outcomes in Infants Born Extremely

Preterm
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3.7.1. Abstract:

Adverse short- and long-term neurodevelopmental outcomes are the primary
concerns in extremely preterm infants. While short-term outcomes provide clinically
useful information, radiological assessments at early time points have limitations.
Due to the rapid growth, development, and repair that occur during infancy, long-
term follow-up outcomes are far more impactful. In a follow-up study, we aimed to
explore if rcSO; signal features could predict adverse neurodevelopmental outcomes
at two years of age. Of the 46 infants initially studied in the HIP trial, 30 were followed
up at two years, and neurodevelopmental outcome was assessed using the Bayley
Scales of Infant and Toddler Development—Third Edition (Bayley-Ill). In this study,
machine learning models were developed using features extracted from NIRS signals
during the first 72 hours of life to predict two-year neurodevelopmental outcomes.
Our findings indicate that models based on rcSO; features and clinical data could
predict adverse language, motor and adaptive behaviour outcomes in this population
(AUC =0.818, 95% Cl = 0.556-1.000; AUC =0.787, 95% Cl = 0.625-0.929; AUC = 0.781,
Cl =0.545 - 0.973, respectively). These findings suggest that certain features in NIRS
signals can predict adverse neurodevelopmental outcomes at two years of age.
However, further studies with larger populations and greater statistical power are

necessary to validate these results.
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3.7.2. Introduction
Survival rates in the preterm population, particularly among extremely preterm
infants, are improving, yet long-term neurodevelopmental challenges remain a major

concern (Cheong et al., 2017; Bulbul et al., 2020).

Hypotension is a common issue in extremely preterm infants, and inotrope therapy
is the typical approach for treatment. However, there are concerns that inotrope
therapy may be associated with a higher prevalence of intraventricular haemorrhage
(IVH) and poor long-term outcomes (Batton et al., 2009; Faust et al., 2015; Batton et
al., 2016). IVH is associated with the apoptosis of precursor oligodendrocyte cells
(Ballabh & de Vries, 2021). Oligodendrocytes are responsible for myelination in the
developing brain, the lack of which leads to neuronal deficits disrupting neural
communication. This leads to both motor and cognitive deficits in the long-term (Kuo
& Huang, 2021; Ballabh & de Vries, 2021). Additionally, periventricular leukomalacia
(PVL), characterised by white matter loss around the ventricles, is frequently
observed in preterm infants with IVH, and which is also associated with poor long-

term outcomes (Shooman et al., 2009; Robinson, 2012; Ballabh & de Vries, 2021).

The combination of the loss of oligodendrocytes, impaired myelination, and white
matter injury sets the stage for long-term neurodevelopmental impairments. Infants
that have experienced significant IVH are at a high risk of developing cerebral palsy,
which is characterised by motor deficits such as spasticity, weakness, and impaired
coordination (Inder et al., 2023). Additionally, the disruption of normal brain

development affects cognitive functions, leading to difficulties with learning,
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memory, attention, and executive functions as the child grows (Doyle & Anderson,

2010).

The Bayley-lll is a standardised assessment tool used to evaluate the
neurodevelopmental outcomes of infants and young children, typically between 1
month and 42 months of age (Bayley, 2006). The test is designed to measure various
aspects of development, including cognitive, language, motor, social-emotional, and

adaptive behaviour skills.

In section 3.5. we reported that by utilising rcSO; signal features we could predict
adverse short-term outcome defined as death or IVH level IlI-1V confirmed by cranial
ultrasound. Yet, if features of cerebral oxygenation during the first days of life can be
utilised to predict two-year neurodevelopmental outcomes, this would potentially
extend the utility of advanced rcSO; signal analysis and machine learning approaches.
Therefore, the aim of this study was to explore if rcSO; signal features could predict

adverse neurodevelopmental outcomes at two-years of age.

3.7.3. Methods

Study Design and Participants

Out of the 46 infants initially examined in HIP trial, as detailed in section 3.3.1, 30
infants were followed up at two years of age by a registered paediatric
physiotherapist at University College Cork. The neurodevelopmental outcomes were

evaluated using the Bayley-Ill (Figure 3. 2).
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Long-term Neurodevelopmental Outcomes

The Bayley Scales of Infant and Toddler Development—Third Edition3 (Bayley-Ill) was
utilised as an assessment tool for long-term outcomes of infants enrolled in the HIP
trial (Dempsey et al., 2021). The primary outcome was neurodevelopmental status,
categorised as a binary variable; if any of the subscales were classified as abnormal,
the overall outcome was considered abnormal. Additionally, the subscales of the
neurodevelopmental outcomes were analysed individually, each serving as the

outcome in separate models.

NIRS
We utilised the same signal features from the HIP trial, including rcSO,, filtered rcSO,,

and PRDs extracted from rcSO;, described in section 3.3.5 for this study.

Clinical Features at Birth

A combination of clinical data (explained in detail in 3.3.2) including sex, hypotension,
use of inotropes, the presence of chorioamnionitis in utero, birth weight (g), head
circumference (cm), Apgar scores at 5 minutes of life and gestational age (GA, days)
was analysed to assess their ability to predict long-term adverse outcomes both

independently and in combination with rcSO, components.

Machine Learning

As explained in detail in 3.3.6, XGBoost models were developed using features
extracted from rcSO, components. The hyperparameters for these models were
consistent with those used in the machine learning model from the HIP study. Both
overall outcomes and subcategory labels were utilised for training and testing the

models.
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3.7.4. Results

The HIP trial was designed to assess the impact of different management strategies
for hypotension in extremely low gestational age newborns, including the use of
dopamine versus a restrictive approach, and collected neurodevelopmental
outcomes to determine the effect on survival without neurodevelopmental disability

at 2 years of age (Dempsey et al., 2014; Demsey et al., 2021).

Of the 46 infants enrolled in the HIP trial, only 30 were followed up for recording of
neurodevelopmental outcomes. Of these 30 assessments, data for the social-
emotional subscale were available for 28 infants, and data for adaptive behaviour

were available for 26 infants.

We report that machine learning (XGBoost) models based on rcSO; features, with and
without PRDs, in combination with clinical data, were predictive of the language and
motor subscales (AUC = 0.818, 95% Cl = 0.556 - 1.000, and AUC = 0.787, 95% Cl =
0.625 -0 929). Additionally, the model that combined rcSO, PRDs with clinical data
was predictive of adaptive behaviour (AUC = 0.781, 95% ClI = 0.545 - 0.973). Neither
the clinical data nor the features extracted from rcSO; signals alone were able to

predict adverse neurodevelopmental outcomes (Table 3. 4).
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Table 3. 4. Area under the curve (AUC) values for the models based on rcSO; signal features used to predict long-term neurodevelopmental

outcome at two years of age.

Overall outcome | Cognition Language Motor Social emotional | Adaptive behaviour
(n =26) (n=30) (n=30) (n=30) scale (n = 28) (n =26)
Clinical feature AUC =0.580 AUC =0.37 AUC =0.588 AUC = 0.697 AUC = 0.257 AUC=0.375
(0.349-0.788) (0.169-0.591) | (0.329-0.815) (0.489 - 0.899) (0.082 - 0.468) (0.178 - 0.615)
rcSO2 AUC=0.625 AUC=0.625 AUC=0.435 AUC =0.547 AUC = 0438 | AUC=0.394
(0.407 - 0.829) (0.382-0.867) | (0.174-0.718) (0.313-0.787) (0.226 - 0.667) (0.179 - 0.643)
rcSO, + Clinical | AUC =0.607 AUC =0.685 AUC=0.818 * AUC=0.760 * AUC =0.438 AUC=0.294
features (0.384 -0.832) (0.448-0.902) | (0.571 - 1.000) (0.548 - 0.935) | (0.214-0.672) (0.082 - 0.534)
Filtered rcSO> AUC = 0.567 AUC = 0.645 AUC=0.469 AUC =0.502 AUC=0.444 AUC =0.387
(0.316 - 0.790) (0.404 -0.864) | (0.223-0.716) (0.276 -0.730) (0.239 - 0.659) (0.168 - 0.650)
Filtered rcSO, + | AUC=0.6295 AUC=0.705 AUC=0.818 * AUC=0.787 * AUC=0.454 AUC=0.344
Clinical features (0.415-0.849) (0.490-0.911) | (0.556 - 1.000) (0.625 -0 929) (0.245 - 0.684) (0.131 - 0.596)
rcSO2 PRD AUC =0.495 AUC = 0.665 AUC =0.550 AUC=0.615 AUC=0.454 AUC = 0.656
(0.268 - 0.716) (0.433-0.888) | (0.285-0.799) (0.380 - 0.839) (0.224 - 0.683) (0.407 - 0.870)
rcSO, PRD + Clinical | AUC = 0.509 AUC=0.615 AUC = 0.450 AUC = 0.597 AUC = 0.658 AUC=0.781 *

features

(0.293 - 0.741)

(0.346 - 0.869)

(0.199 - 0.707)

(0.361 - 0.826)

(0.421 - 0.893)

(0.545 - 0.973)
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3.7.5. Discussion

Hypotension resulting from prematurity, along with IVH, PVH, and associated white
matter injury and hypoxia, can significantly elevate the risk of long-term adverse
outcomes in preterm infants (Shooman et al., 2009; Robinson, 2012; Ballabh & de
Vries, 2021). Early prediction of these potential long-term injuries within the first days
of life can assist clinicians and families in tailoring interventions and treatments more

effectively, ensuring that they are as targeted and beneficial as possible.

This study highlighted the significant role of clinical data in enhancing the predictive
power of models for long-term adverse outcomes, particularly when combined with
features extracted from NIRS data. While clinical data were not sufficient to predict
long-term outcomes, their integration with NIRS-derived features provided a more
comprehensive understanding of brain health. This study reveals that oxygen
dysregulation in early life is associated with poor developmental outcomes even at
two-years. This underscores the importance of early monitoring of physiological
signals, and cerebral oxygenation in particular, in the first days of life, offering

valuable insights into brain function.

Machine learning models, developed from features extracted from NIRS signals
within the first 72 hours of life, showed potential for predicting adverse outcomes in
language, motor skills, and adaptive behaviour, offering valuable opportunities for
early intervention strategies. However, social-emotional outcome was not predicted
by features extracted from NIRS signals. One reason might be that the social-
emotional factor is likely influenced by a multitude of factors that are not captured

through rcSO; signals alone. Social-emotional outcomes depend on environmental,
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psychological, and socio-interactive factors (Malik & Marwaha, 2018). These
elements might not be directly related to physiological data, and therefore the

predictive power of rcSO; signals on such outcomes is likely to be limited.

It is important to note that neurodevelopmental outcomes were available for only 30
infants, with only 28 having data for the social-emotional scale and 26 for adaptive
behaviour. These sample sizes are quite limited for machine learning models, and the
results should be interpreted with caution. Future studies should focus on larger
sample sizes and incorporate more comprehensive brain imaging techniques, such as

MRI.
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3.8. Blood Pressure and EEG
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3.8.1. Abstract

Hypotension is an ongoing clinical concern in preterm infants, as it has been
associated with adverse short- and long-term consequences. We sought to examine
the trend of blood pressure in the first days of life and investigate the relationship
between quantitative electroencephalography (EEG) characteristics and mean
arterial blood pressure (MABP) in extremely preterm infants. We analysed a subset
of infants enrolled in the Management of Hypotension in Preterm infants (HIP) trial
(n = 28), of which all were <28 weeks of gestational age (GA). For each infant we
examined one hour of EEG records at 6-hour intervals and documented MABP for the
first 60 hours of life. The EEG signals were pre-processed, first automatically using a
MATLAB code, and then screened manually by a neonatal EEG expert for artefacts.
Quantitative features were extracted from the EEG signals using previously published
methods. Changes in MABP over time were analysed by repeated measures analysis
of variance (rANOVA) examining two factors: GA (<26 or >26 weeks), and if they were
hypotensive or normotensive. Putative correlations between EEG features and MABP
were assessed using partial correlation adjusting for GA. MABP increased in the first
hours of life (p= 0.02). We demonstrated weak but significant correlations between
MABP and EEG quantitative features after adjusting for GA. Amplitude kurtosis in all
bandwidths, inter-burst interval (IBI) length and IBI number were negatively
correlated with MABP, while range EEG in all bandwidths and IBI burst percentage

were positively correlated with MABP.
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In conclusion, we identified a correlation between MABP and a number of
guantitative EEG features in extremely preterm infants, independent of gestational

age, suggesting MABP may be an important biomarker of brain activity.
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3.8.2. Introduction

Hypotension is frequently identified and treated in extremely preterm infants.
However, there is significant variation in clinical practices of how this is achieved
(Dempsey & Barrington, 2006; Laughon et al., 2007). Although statistical associations
have been found between hypotension and negative short- and long-term outcomes,
a systematic review of the literature was unable to establish clear criteria for defining

hypotension (Dempsey & Barrington, 2007).

One of the major concerns regarding low blood pressure in infants born preterm is
the risk of clinically significant hypoperfusion (Goldsmith & Keels, 2022). Despite
reduced systemic vascular resistance arising from immature sympathetic control,
these infants can have regular systemic blood flow, and sufficient oxygen delivery to
their tissues (Groves et al., 2008; Victor et al., 2006). Careful monitoring of these
infants without pharmacological intervention (known as 'permissive hypotension')
may be a suitable approach rather than resorting to using medication (Dempsey et
al., 2009). Treatment of hypotension in preterm infants may not only be of no benefit
but could also potentially be harmful and have negative effects including fluctuations
in blood pressure that could contribute to the rupturing of fragile blood vessels. A
study by the Canadian Neonatal Network revealed that interventions for hypotension
were linked to a rise in severe brain injury (Synnes et al., 2001). The typical course of
treatment involves administering one or more fluid boluses followed by dopamine
(Subhedar, 2003). Observational data has indicated a connection between the
administration of fluid boluses and intracranial bleeding (Goldberg et al., 1980).

Additionally, dopamine increases blood pressure in infants mainly by inducing
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vasoconstriction, which could lead to a decrease in overall systemic perfusion (Zhang

et al., 1999; Osborn et al., 2002).

At present, there is no universally validated clinical scoring method for diagnosing
shock or insufficient systemic perfusion in premature infants. The evaluation of the
sufficiency of blood flow to vital organs is primarily based on subjective assessment.
Clinical examinations involve evaluating capillary refill time, skin tone, body
temperature, and urine output. Capillary refill time values have been determined for
full-term newborns (Raju et al., 1999), but data for preterm infants are scarce (Wodey
et al., 1998; Osborn et al., 2004). While the accuracy of each separate measure in
predicting poor perfusion is not high, combining multiple signs seems to enhance the
ability to identify patients with a greater risk of adverse outcomes (Dempsey et al.,
2009). Echocardiography is one of the primary non-invasive, yet non-continuous
measures of cardiac output in the preterm infant. Alternative methods such as
transcranial doppler are not commonly used due to limitations of the method

(Murphy et al., 2023).

Physiological function of neuronal networks requires a continuous supply of energy
and oxygen and relies upon adequate delivery of these resources via blood flow to
meet local demands (Watts et al., 2018). The electrical activity of the brain can be
measured using EEG and in neonatal intensive care units it is used to monitor critically
ill infants. EEG is a non-invasive and portable technology that allows for the
continuous assessment of cortical function at the cot side, with minimal interruption
to standard clinical care (Pavlidis et al.,, 2017). However, the correlation between

mean arterial blood pressure and EEG activity in preterm infants has not yet been
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investigated, and new insights could potentially aid the decision making around
treating preterm infants with low blood pressure. The objective of this study was

therefore to examine if specific quantitative EEG features were associated with mean

arterial blood pressure.
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3.8.3. Methods

Study Design and Participants

This research analysed data from a multicentre clinical trial, The Management of
Hypotension in Preterm Infants (HIP, Trial registration number NCT01482559,
EudraCT 2010-023988-17) (Dempsey et al., 2021). This study was approved by the
Clinical Research Ethics Committee, Cork, ECM 5(2) 15 January 2013. Written
informed consent was obtained from the parents of all participating infants, in
accordance with the ethical standards set by the Clinical Research Ethics Committee,
UCC and the principles of the Declaration of Helsinki (World Medical Association,
2013). The HIP trial compared the standard management using dopamine and a more
conservative treatment strategy. In this approach, known as permissive hypotension,
hypotensive infants are not given intervention if they display signs of adequate
clinical perfusion. They are carefully monitored, and intervention is only initiated if
clinical assessment indicates reduced perfusion. The two interventions being
compared were saline bolus followed by dopamine versus saline bolus followed by
placebo (Dempsey et al., 2021). The study recruited extremely preterm infants
between February 2015 and September 2017 at Cork University Maternity Hospital

(Figure 3. 2).

EEG

A subset of infants (n = 49) participating in the HIP trial had coincident continuous
multi-channel EEG to determine the effects of mean BP on cerebral electrical activity
and to assess end-organ perfusion (Dempsey et al., 2014). EEG was recorded for the

first 72 hours of life. Disposable electrodes were positioned on the central (C3 and
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C4) and frontal (F3 and F4) areas as well as reference electrodes (Fz) and a ground
electrode placed behind the left ear in accordance with international 10:20 system of
electrode configuration. 1-hour epochs at 6-hour intervals were extracted using the
Nicolet EEG viewer software. Two subgroups were assessed: <25 weeks + 6days of GA
or 226 weeks. The threshold was based on previously published data (O’Toole et al.,
2016). The <26 weeks EEG is markedly different from an EEG in an infant >26 weeks,
primarily due to the rapid maturation of the brain and the development of neural
circuits and so the quantitative features differ greatly (O’Toole et al., 2016). These
differences include the emergence of more consistent background activity, the
appearance of more synchronised waveforms, and the development of sleep-state

differentiation (O’Toole et al., 2016).

Signal Processing
The unprocessed EEG data underwent pre-processing including artefact removal
using NEURAL package (Neonatal Eeg featURe set in  mAtlab;

https://github.com/otoolej/qEEG feature set) followed by bandpass filtering and

down-sampling (O’Toole & Boylan, 2017). The process of artefact removal specifically
targeted significant artefacts like improper electrode placement, electrode coupling,
electrode impedance, sudden jumps in amplitudes or large-amplitude segments
caused by movement. After removing artefacts, a bandpass filter ranging from 0.5 to
30 Hz was utilised to eliminate both low- and high-frequency artefacts, followed by
down-sampling to 64 Hz (O’Toole & Boylan, 2017). EEG signals were screened
manually by neonatal neuro physiologist Prof. Geraldine Boylan, and the epochs with
unacceptable quality were removed. The high-quality EEG signals were separated into

four distinct bandwidth frequencies: [0.5 —-3; 3 -8; 8 — 15; 15 — 30] Hz.
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Feature Extraction

Quantitative characteristics from the EEG signals were extracted using the NEURAL
package (O’Toole & Boylan, 2017). Utilising the bipolar arrangement of the EEG (F3 —
C3 & F4 — C4) amplitude, frequency, and connectivity features were evaluated within
brief time intervals using a shifting window of 64 seconds with 50% overlap.
Subsequently, the median value was utilised to summarise these attributes across all
intervals. Inter-burst intervals were evaluated individually for each channel before
summarisation using the median value across all channels. For each 1-hour EEG

epoch, 50 features were obtained (Table 3. 5).
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Table 3. 5. The features extracted from EEG signals

Feature category

Feature

Amplitude

Amplitude kurtosis

Amplitude skewness

rEEG median

rEEG lower margin (5% percentile)

rEEG upper margin (95t percentile)

rEEG asymmetry (measure of skew about median)

Frequency

Spectral power

Spectral relative power (normalised to total spectral power)

Spectral flatness

Spectral difference: difference between consecutive spectral
estimates

Spectral edge frequency: 95% of spectral power contained
between 0.5 and cut-off frequency *

Fractal dimension *

Connectivity

Coherence mean value

Inter-burst interval

95% inter-burst interval *

Median inter-burst interval *

Burst percentage *

Number of bursts *

Features were estimated for each epoch before being decomposed into frequency

bandwidths*

Mean Arterial Blood Pressure (MABP)

Mean arterial blood pressure (MABP) was monitored continuously using an umbilical

arterial catheter in infants with hypotension that were randomised to one of two

therapeutic strategies. Hypotension was defined as a mean blood pressure 1 mm Hg

or more below a mean blood pressure value equivalent to the GA in completed

weeks, which persisted over a 15-min period (Dempsey et al.,, 2014). MABP

measurements were recorded and saved only once every hour. For consistency with

EEG recording, we used MABP measurements taken every 6 hours. Normotensive
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patients recruited into the study but not randomised to any treatment arm were
monitored either invasively or non-invasively. The MABP corresponding to the EEG

epochs with 6-hour intervals were isolated for analysis.

Statistics

Changes in MABP over time were analysed by repeated measures one-way mixed
model (rANOVA). Difference in MABP between factors GA (<26 or >26 weeks), and
hypotension diagnosis (hypotensive or normotensive) was analysed by repeated
measures two-way mixed model (rANOVA). Putative correlations between EEG
features and MABP were assessed using partial correlation adjusting for GA. The
statistical significance level (a) was set at 0.05 for all analyses. Strength of correlation
was defined based on R value, which measures the strength and direction of a linear
relationship between two variables, ranging from -1 to 1. A weak correlation typically
has an R-value close to 0, indicating little to no linear relationship between the
variables. This means that changes in one variable do not reliably predict changes in

the other (Asuero et al., 2016).
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Raw EEG signal 1-hour epochs at 6-hour MATLAB code used to Manual screening
intervals were extracted preprocess and remove by neonatal neuro
using Nicolet EEG viewer artefacts, Low pass filter 30 Hz, physiologist

down-sampling to 64 Hz

Partial Spectral power Frequency decomposition and
correlation Fractal dimension quantitative feature extraction
Amplitude features
using Neural package
rEEG features
MABP once every 6 hours Inter-burst interval

Figure 3.7. Summary of the workflow for EEG signal processing.

Data divided into epochs of 64

seconds with 50% overlap

Utilised Bipolar
montage:

F3-C3
F4-C4
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3.8.4. Results

Data Available

MABP and EEG were processed during the initial 60 hours of life in 28 infants who
had EEG signals of acceptable quality and corresponding MABP recordings for
analyses. These infants were categorised based on GA (<25 weeks + 6days of GA or
>26 weeks), and blood pressure status (hypotensive or normotensive), as outlined in

Table 3. 6. The average duration of recorded EEG was 57.06 hours.

Table 3. 6. Number of infants in each group

<26 weeks >26 weeks
Normotensive n==6 n=12
Hypotensive n=8 n=2

Mean Arterial Blood Pressure
The repeated measure ANOVA model of MABP over time revealed a significant

increase in MABP during the first hours of life (p-value = 0.02) (Figure 3. 5).
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Mean Arterial Blood Pressure(mmHg)

Average Mean Arterial Pressure (MABP) Trend Over Time for All Infants

60—

40 —

30

20—

| | | | | | | I | ]
6h 12h 18h 24h 30h 36h 42h 48h 54h 60h

Time (h)

Figure 3. 8. Average of Mean arterial Blood Pressure (MABP) trend over time for all
infants (n = 28)
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There was no significant difference in MABP between hypotensive infants
(treated/untreated) and normotensive infants, born <26 weeks’ GA or > 26 weeks of
GA over their first 60 hours post-partum (GA p = 0.84, Hypotension p = 0.55, GA x

Hypotension p = 0.70).

MABP over time in extremely preterm infants

SRR AN A

¢ Normotensive and <26 weeks

- T Hypotensive and <26 weeks

¢ Normotensive and >26 weeks
Hypotensive and >26 weeks

| | | 1 | | | | | |
6h 12h 18h 24h 30h 36h 42h 48h 54h 60h

Time (hour)

Figure 3. 9. Mean + SD MABP over time for four distinct groups: Normotensive
<26weeks’ GA, Normotensive <26 weeks’ GA, for Hypotensive >26weeks’ GA,
Hypotensive 226 weeks’ GA.

Correlation Between MABP and EEG Features

There were weak but significant correlations between MABP and EEG quantitative
features, after adjusting for GA. Amplitude kurtosis in all bandwidths, inter-burst
interval (IBI) length and IBI number were negatively correlated with MABP, while

range EEG in all bandwidths and IBI burst percentage were positively correlated with
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MABP (Table 3. 7). The correlation between MABP and other EEG features not

mentioned here was not significant.

Table 3. 7. Partial correlation between MABP and EEG quantitative features and

corresponding p values

EEG features Bandwidth frequency | R p value

Amplitude kurtosis 05-4 -0.22 p <0.001
4-7 -0.20 p <0.001
7-13 -0.21 p <0.001
13-30 -0.17 0.004

rEEG median 0.5-4 0.19 0.001
4-7 0.14 0.02
7-13 0.13 0.02
13-30 0.12 0.046

IBI length median - -0.15 0.01

IBl burst percentage | ---- 0.16 0.007

IBI burst number ---- -0.16 0.006
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3.8.5. Discussion
This study aimed to explore the changes of MABP over time in extremely preterm
infants and explore the potential correlation between EEG signals recorded within the

first 60 hours after birth and MABP.

We observed that the average MABP among infants increased over time. This is
consistent with previous studies, that found a significant elevation in blood pressure
in the first 48 hours of life in preterm infants with birth weight < 1500 g (Bada et al.,
1990). Furthermore, Kent et al. (2007) proposed that MABP increased between day
1 and day 2 of life in healthy term neonates. They also suggested that premature
infants achieved blood pressure stabilisation after two weeks of life, and at that point,
their blood pressure was similar to that of full-term infants (Kent et al., 2009). These
findings may highlight the importance of permissive hypotension, as blood pressure
increases in the first days of life when left untreated. However, some infants in the
current cohort received dopamine treatment, and it is still unclear whether the

increase in their blood pressure was caused by intervention or occurred naturally.

The cohort of preterm infants diagnosed with hypotension did not have significantly
different MABP compared to those classified as normotensive regardless of GA. This
may reflect adequate clinical treatment of hypotension or suggest that those healthy
patients with low blood pressure can quickly improve blood pressure status over the

first days of life.

We identified a weak correlation between MABP and several quantitative EEG
features in extremely preterm infants, independent of gestational age, suggesting

MABP could be a biomarker of brain activity. Some of these correlations were
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negative whilst others were positive but were sensitive to blood pressure/ cerebral

perfusion pressure.

Out of the initial sample of n = 49 participants with EEG recordings, only n = 28 EEG
recordings met the criteria for acceptable quality and were therefore included in
further analyses. A clear limitation of this study was the sample size; a significant
proportion of participants were excluded due to a high percentage of artefacts or
data recorded with quality issues in some channels, though not uniformly across all
channels. Future studies would benefit from considering the implications of the study
design when framing the secondary objectives of the study. EEG changes with
gestational age and subgroup analysis is required when examining features. Also,
particular attention is required when there is prolonged EEG monitoring and
collection to ensure higher quality recordings from infants. The current study is
subject to several limitations. Firstly, the relatively low number of participants
reduced the statistical power, particularly as participants were further divided into
subgroups based on gestational age and diagnosis of hypotension, leading to smaller
sample sizes within each group. This was primarily due to low recruitment within the
trial attributed to the strict inclusion criteria (Dempsey et al., 2014). Additionally, the
randomisation of the hypotension group and subsequent treatment with either
dopamine or placebo introduced variability that made it challenging to account for
the potential impact of treatment method on changes in MABP. Moreover, the data
collected for MABP, and 1-hour epoch EEGs were analysed at 6-hour intervals, which
may not fully capture dynamic changes over shorter time frames. Continuous
monitoring of these biomarkers could offer clinicians valuable insights into defining

MABP patterns and customising individualised treatment strategies.
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5.1. Abstract:

The present study was designed to test the potential utility of regional cerebral
oxygen saturation (rcSO2) in detecting term infants with brain injury. The study also
examined whether quantitative rcSO; features are associated with grade of hypoxic
ischaemic encephalopathy (HIE). We analysed 58 term infants with HIE (>36 weeks
of gestational age) enrolled in a prospective observational study. All newborn infants
had a period of continuous rcSO; monitoring and magnetic resonance imaging (MRI)
assessment during the first week of life. rcSO, Signals were pre-processed and
guantitative features were extracted. Machine-learning and deep-learning models
were developed to detect adverse outcome (brain injury on MRI or death in the first
week) using the leave-one-out cross-validation approach and to assess the
association between rcSO; and HIE grade (modified Sarnat — at 1 h). The machine-
learning model (rcSO; excluding prolonged relative desaturations) significantly
detected infant MRI outcome or death in the first week of life [area under the curve
(AUC) = 0.73, confidence interval (Cl) = 0.59-0.86, Matthew's correlation coefficient
= 0.35]. In agreement, deep learning models detected adverse outcome with an AUC
= 0.64, CI = 0.50-0.79. We also report a significant association between rcSO;
features and HIE grade using a machine learning approach (AUC = 0.81, Cl =
0.73-0.90). We conclude that automated analysis of rcSO, using machine learning
methods in term infants with HIE was able to determine, with modest accuracy,
infants with adverse outcome. De novo approaches to signal analysis of NIRS holds

promise to aid clinical decision making in the future.
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Keywords: regional cerebral oxygen saturation (rcSO2), extreme gradient boosting
(XGBoost), Convolutional neural network (CNN), Magnetic resonance imaging (MRI),
term, neonatal brain injury, hypoxia-ischaemia, inflammation, oxygen delivery, deep

learning.
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Figure 5. 1. Graphical abstract of MONItOr study. NIRS data was collected from term
infants diagnosed with HIE using modified Sarnat score at 1 hour. NIRS data were
processed, and several machine learning algorithms were trained and utilised to test
if features of rcSO; could predict short-term brain injury, an outcome assessed by
MRI/ death. The performance of the models was assessed using receiver operating
curves (ROC) and area under the curve (AUC) values were reported. Created with
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5.2. Introduction:

Hypoxic-ischaemic encephalopathy (HIE) is the most common cause of brain injury in
full-term neonates. Infants with HIE are at risk of significant long-term
neurodevelopmental impairments (Belet et al., 2004; Van Handel et al., 2007; Van
Schie et al., 2015). Therapeutic hypothermia (TH), the current gold standard
treatment for HIE, is indicated in term infants with moderate and severe HIE (Papile
et al., 2014). To be effective, it is crucial to initiate TH within a timeframe of six hours
afterischaemicinjury, which in clinical practice corresponds to the first six hours after

birth (Kattwinkel et al., 2010).

Near infrared spectroscopy (NIRS) exhibits promise as a non-invasive bedside device
for the measurement of regional cerebral oxygen saturation (rcSO3) in infants with
HIE (Mitra et al., 2020; Garvey et al., 2022). rcSO; is a relevant regional measurement
in the organ arguably of greatest risk during HIE. The rcSO; measure reflects the
saturation of haemoglobin: deoxyhaemoglobin within small vessels located in the
measurement compartment. The arterial to venous ratio in neonates in this
compartment is reported to be 15:85 (Watzman et al., 2000). Suppan and colleagues
(2022) discussed in depth the contribution of oxygen content, circulation, and oxygen
extraction to the rcSO; and highlighted the challenges in interpreting absolute values

and trends of rcSO2, which halts its routine use at the bedside.

Many studies to date have focused on comparing changes in mean absolute rcSO;
values over time between HIE infants to determine if there are any detectable
common patterns that are associated with poor clinical outcomes. Newborns who

experience severe hypoxia and later develop brain injury have been reported to
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exhibit higher rcSO, compared to newborns who do not develop brain injury (Toet et
al., 2006; Lemmers et al., 2013; Dehaes et al., 2014; Peng et al., 2015; Tekes et al.,

2015; Jain et al., 2017), but others have found no association (Shellhaas et al., 2013).

The utility of using mean absolute rcSO; values as predictors of adverse outcomes
has been explored previously and may be clinically beneficial (Goeral et al., 2017;
Niezen et al., 2018). Considering the moment-to-moment fluctuations that occur in
metabolism and the cardiorespiratory system, quantitative characteristics of the

NIRS signal may be a more appropriate approach than using mean values.

Physiology is dynamic in nature and the fluctuations and waveforms around the
mean may contain relevant information that can be utilised. There are many ways to
summarise a fluctuating biological signal to examine its trend beyond the mean. In
this study we quantify complex details of the rcSO, biological signal, measuring
changes in both its amplitude and frequency by manual feature engineering.
Additionally, with the advent of convolutional neural networks (CNN) we can now
exclude manual feature engineering processes and use end-to-end optimisation to

objectively identify features in a signal that best predict outcome.

The novelty and strength of both machine learning approaches are that the algorithm
can combine a selection of features together to predict outcome rather than one
quantitative method (such as mean) to summarise the signal. To assess the potential
utility of rcSO; signal analysis in providing a simple and immediate evaluation of early-
life brain health, we sought to implement automated detection models of NIRS using
computer-based algorithms. We tested the potential utility of rcSO2 in detecting term

infants with brain injury. To evaluate the utility of rcSO2 over other readily available
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clinical variables associated with brain injury, we also created separate machine
learning models using clinical variables for performance comparison. In addition, we
examined if quantitative rcSO; features are associated with the grade of HIE classified

by modified Sarnat score at 1 hour.
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5.2. Methods:

5.2.1. Ethical Approval

This was a secondary data analysis of a prospective observational study carried out
at Cork University Maternity Hospital, Ireland (Multi-model Assessment of Newborns
at Risk of Neonatal Hypoxic Ischaemic Encephalopathy — The MONItOr Study; Garvey
et al., 2022). Ethical approval for the study was obtained from the Clinical Research
Ethics Committee of the Cork Teaching Hospitals (ECM 5(5)04/07/17). The study
conformed to the standards set by the Declaration of Helsinki, except for registration
in a database (World Medical Association, 2013). It included infants born at >36
weeks’ gestational age admitted to the neonatal unit and meeting study criteria
including an Apgar score <5 at 5 minutes, postnatal resuscitation lasting > 10 minutes,
pH < 7.1 or base deficit > 16 mmol/I, or lactate levels > 9 mmol. Infants with evolving
encephalopathy, assessed using the modified Sarnat Score within 1 hour after birth,
were categorised into mild, moderate, or severe HIE. This system measures various
factors including consciousness, muscle tone, tendon reflexes, complex reflexes, and
autonomic function (Chalak et al., 2018). Based on this categorisation, cases of
moderate to severe encephalopathy received TH (Shankaran et al., 2005). Data from

all the infants recruited to the MONItOr study were included in this analysis.

5.2.2. Data Collection

Cerebral oxygenation was measured using NIRS, a continuous non-invasive device
(INVOS 5100 with neonatal transducer, INVOS OxyAlert NIRSensor, Covidien,

Mansfield, MI, USA). The NIRS sensor was placed on the right frontotemporal
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forehead area. Monitoring of cerebral oxygenation in the recruited infants

commenced on the first day following birth and continued for up to 5 days.

5.2.3. MRI

MRI scans were recorded in the first week postpartum and graded by a paediatric
radiologist and a neonatologist using the Barkovich classification system (Garvey et
al.,, 2022). In the Barkovich MRI scoring system, two distinctive patterns of brain
injury are taken into consideration: watershed-distribution of injury and deep grey
matter injury (Barkovich et al., 1998). Any grade of abnormalities in either of these
sub regions as determined by MRI or mortality within the first week were defined an

adverse outcome.

5.2.4. HIE Classification and Adverse Outcome

Severity of HIE grade was classified (mild [1], moderate [2], severe [3]) according to
the modified Sarnat score at 1hr. HIE infants were also grouped for analysis based on
TH treatment (mild [0], moderate & severe [1]). The utility of HIE grade or HIE-TH
grouping to detect adverse outcome (MRI/death) was assessed using the area under

the receiver operating characteristic curve (AUC).

5.3.5. Signal Processing

The INVOS device records signals using a nonuniform sampling frequency, typically
ranging from 1/6 to 1/5 Hz. The signals were resampled to a uniform sampling and
the artefacts were removed using a previously described method (Ashoori et al.,
2023). Prolonged relative desaturations (PRDs), defined as rcSO; desaturations
relative to their respective baseline, were extracted using a discrete cosine transform
and singular spectrum analysis as described previously (Ashoori et al., 2021; Ashoori
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et al., 2023) (Figure 5. 2). The rcSO; data were analysed using three different versions
of the signal: rcSO;, rcSO, without the PRD signal component, and the PRD
component alone. Initially, rcSO2 and rcSO; without the PRDs underwent spectral
decomposition into 5 specific bandwidths (Ashoori et al., 2023), and quantitative
features were extracted over 4-hour epochs with 50% overlap, resulting in 4 to 54
epochs per NIRS record (Figure 5. 2). Signal amplitude features were selected based
on previous work performed by our group (O’Toole et al., 2016). MATLAB (version
2020b, The MathWorks Inc.) was employed for the preprocessing of NIRS signals,
extracting PRDs and computing their various features. Figure 5. 3 illustrates features
extracted from one epoch of rcSO,. Distinct methods were applied to the PRD
component of the rcSO,, with a different set of quantitative features extracted

directly from the individual PRDs as described previously (Ashoori et al., 2023).

We also extracted fifteen one-hour epochs of rcSO; data from each infant at intervals
of 6-hours across 6 — 84 hours after birth and computed the mean of the absolute

values of rcSO; for each epoch.

5.3.6. Machine Learning

Quantitative rcSO; features were combined using a gradient-boosting machine
known as extreme Gradient Boosting (XGBoost), with hyperparameter tuning for
optimal performance. The model's effectiveness was assessed using Leave-One-Out
Cross-Validation (LOOCV). LOOCV is a robust validation method where each data set
(infant) is used as the validation set once, while the rest of the data serves as the
training set. This approach uses all available data for both training and validation,

maximising the use of a limited data set while helping to prevent overfitting. It also
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ensures a comprehensive unbiased assessment of the model's performance. The
models included a binary classifier for detecting adverse outcomes and a multi-class
classifier for grading HIE severity (both defined previously). Three separate XGBoost
models were developed for each signal type: rcSO3, rcSO, without PRDs, and PRDs.
Feature importance was estimated for significant models, to examine how each
feature contributed to the model’s performance. When there was a significant
association between the machine learning and adverse outcome, follow-up analysis
was performed using the infants with MRI injury. An ordinal scale from 0 to 3 was
created: O for normal in both watershed-distribution of injury and deep grey matter
injury subregions, 1 for isolated watershed injury, 2 for isolated deep grey matter
injury, and 3 for abnormalities in both or death in the first week. An XGBoost
regression model was applied and evaluated through LOOCV, by root mean squared
error (RMSE). Correlation between predicted and assigned ordinal grades was
assessed as a performance measure. Python (version 3.10) was used to develop the

XGBoost models, using CPU resources for training and model evaluation.

A combination of clinical data, commonly used for the early identification of infants
at risk of HIE (Wiberg at al., 2010), were analysed for predictive value. These clinical
attributes included Apgar scores at 1 and 5 minutes of life, postnatal pH, base deficit,
and lactate values. Clinical attributes were combined using a random forest model of

adverse outcome (MRI outcome or death).

5.3.7. Deep Learning

In addition to using XGBoost, we also explored deep learning, specifically a 1D

convolutional neural network (CNN) using the rcSO; as the 1D input signal to predict
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outcome. We used 30-minute epochs of rcSO; with a 50% overlap. In total, the
dataset consisted of 12,394 epochs from 58 infants. To design the CNN models, we
systematically explored different architecture configurations, guided by the testing
performance from a 5-fold cross validation. 5-fold cross-validation is a technique
used to assess the performance of a model by dividing the dataset into five equal
subsets, training the model on four of the subsets, and testing it on the remaining
subset, repeating this process five times with each subset used once as the testing
dataset. This training-testing method was selected for the multiple design
experiments as it is more computationally efficient than LOOCV. Once suitable
architecture was identified, we fine-tuned hyperparameters, again guided by a 5-fold
cross validation process. PyTorch (version 1.13.1) in Python was utilised for
developing and training the CNN models, with computations accelerated using a

NVIDIA GPU on a desktop computer.

5.3.8. CNN- XGBoost

We adopted a combined CNN- XGBoost approach to utilise the strengths of CNN for
feature extraction and XGBoost for classification. This approach has demonstrated
significant efficacy on smaller data sets, such as ours (Thongsuwan et al., 2021). In
this method, CNN was optimised and trained using the same architecture explained
above, stopping at the last fully connected layer. The data (features) at this array of
256 numbers was used as the input of XGBoost model. The XGBoost model was

trained using the LOOCV method to classify the rcSO;signals according to outcomes.
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5.3.9. Statistical Analysis

To evaluate the performance of models and the absolute mean rcSO; values to detect
brain injury, AUC and its corresponding 95% confidence interval (Cl) were used. We
evaluated the performance of the multi-class classification models using the micro-
average AUC generated from the multiROC package in R (version 4.2.3). (Wei at al.,
2018). Matthew's correlation coefficient (MCC) was included as an additional
performance metric for the classification models. In all models the significance level

was set at p < 0.05.
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Figure 5. 2. lllustration of NIRS signal processing: extraction of prolonged relative desaturations (PRDs) using discrete cosine transform and
singular-spectrum analysis (Ashoori et al., 2021) and decomposition of rcSO; signal (blue) into rcSO2 without PRDs (green) and PRDs (red) (1),
decomposition of rcSO2 and rcSO; without PRDs signals into 5 frequency bandwidths: [0 — 0.005 Hz], [0.005 — 0.01 Hz], [0.01 — 0.021 Hz], [0.021
—0.042 Hz] and [0.042 —0.083 Hz] (2), division of each bandwidth into 4-hour epochs with 2 hours of signal overlap (3). The signal features were
then extracted (4) and machine learning models (XGBoost) were trained using extracted features (5). The model compared the predicted values
with actual labels and AUC of the models were plotted (6).
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5.4. Results:

This study was performed using data collected from infants enrolled in the MONItOr
study. We analysed infants’ cerebral NIRS signal recordings that were captured
within the first days of life. In addition, we utilised their documented outcomes
including 1hr modified Sarnat score, and MRI/death recorded within the first week
of life (n=58 infants). Demographics of the cohort according to grade of HIE are
displayed in Table 5. 1. All the infants received a diagnosis of HIE within 1 hour after
birth: 28 infants with mild HIE, 24 with moderate HIE, and 6 with severe HIE. A total
of 30 infants with moderate and severe HIE underwent TH. The median duration of
rcSO; monitoring was 49.58 hours per patient (range: 10-111 hours). All recordings
began in the first 24 hours of life (within 6 hours after birth for 33 infants, between
6 and 12 hours for 22 infants, and between 12 and 24 hours for 3 infants). Sixteen
infants had an adverse MRI finding, 2 infants died, and 40 infants had a normal MRI.
Apgar scores (1 and 5 min), postnatal pH, base deficit, and lactate values, combined
using a random forest algorithm were not predictive of outcome (AUC = 0.52, Cl =
0.34 - 0.69). Assessing the potential predictive capabilities of HIE grade based on
modified Sarnat in 1hr (mild [1], moderate [2], severe [3]) for MRI outcome or death,
we found that it significantly predicted adverse outcome (AUC = 0.66; Cl = 0.51 -
0.81), while normothermia or TH-treated infants(mild [0], moderate & severe [1]) did
not (AUC = 0.61; Cl = 0.47 - 0.75). Our analysis of the mean absolute values of rcSO;
within discrete epochs revealed that this measurement was not useful, for this

cohort, in predicting adverse outcome at one week (Figure 5. 4).
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Figure 5. 4. The AUC of the ROC along with the bootstrapping 95% confidence
intervals are illustrated for HIE grading, categorised in two ways: based on modified
Sarnat in 1hr - mild [1], moderate [2], severe [3]; based on receiving TH - mild [0],
moderate & severe [1], the mean absolute rcSO; at 6-, 12-, and 18-hours postnatal
age. Random forest model was made using clinical data (Apgar scores at 1 and 5
minutes of life, postnatal pH, base deficit, and lactate values). The default parameters
of the random forest were used with 500 trees.

5.4.1. Machine Learning

The XGBoost model was developed to determine if rcSO2 signal features could
determine outcome either as assessed by MRI or death in the first week, or HIE grade
(modified Sarnat — 1hr). The median number of epochs used in the XGBoost models
per infant was 21 epochs (range: 4 — 54). The rcSO> models could determine MRI
outcomes or death in the first week both before and after the removal of PRDs (AUC
=0.70, CI =0.55 - 0.83; MCC = 0.42, threshold = 0.33 and AUC=0.73, Cl =0.59 - 0.86,
MCC =0.35, threshold = 0.12, respectively)(Figure 5. 5). However, the model utilising
extracted PRD features did not detect adverse outcomes effectively (AUC = 0.45, Cl

= 0.27 - 0.62) (Figure 5. 5). Estimating feature importance in the rcSO; before and
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after removal of PRDs showed that a range of features contributed to the XGBoost
model, the top three were: the mean and 95th percentiles of the envelope in the first
frequency band (0 - 0.005 Hz), and 5th percentiles of the envelope in the fifth
frequency band (0.042 - 0.083 Hz). After finding that our model using rcSO; features
could detect normal/adverse MRI outcomes or death, we conducted a follow-up
analysis on MRI data subsets (deep grey matter and watershed injuries) and found a
modest correlation between the predicted values and the actual ordinal grades (R? =

0.21).

To explore potential associations between NIRS features and HIE grade (modified
Sarnat — 1hr), we developed multiclass XGBoost models with the grade of HIE as the
outcome (where 0, 1 and 2 represent mild, moderate, and severe HIE, respectively).
Employing this method, we report that the machine learning model could determine
HIE grade: rcSO, AUC = 0.76, Cl = 0.65 — 0.92; rcSO;, without PRDs AUC = 0.81, Cl =

0.73 - 0.90; PRDs AUC = 0.72, Cl = 0.59 — 0.85 (Figure 5. 6).
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Figure 5. 5. The AUC of the ROC along with the bootstrapping 95% confidence
intervals are illustrated for the binary XGBoost models based on features of rcSO,,
rcSO2 without features, and PRDs.
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Figure 5. 6. The AUC of the ROC along with the bootstrapping 95% confidence
intervals are illustrated for the multi-class XGBoost models based on features of
rcSO;,, rcSO; without features, and PRDs.

rcSO,without PRD Features -

5.4.2. Deep Learning

The details of the effective architecture when analysing 30-min signals can be found
in Table 5. 2. The model was trained with 265k parameters. The median number of
epochs used in the CNN models per infant was 175 (range: 37 — 440). The model was
evaluated to explore the potential capabilities of NIRS signals for detecting adverse

outcomes.

The results of deep learning models were promising, although they did not
outperform the machine-learning models. 1D CNN model on epochs of 30 minutes,

detected adverse outcomes with AUC (AUC = 0.64, Cl = 0.5 —0.79) (Figure 5. 7).
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5.4.3. CNN-XGBoost

Furthermore, CNN-XGBoost, was trained and tested on 30-min epoch signals. We

found a significant AUC using this method, AUC = 0.66, Cl = 0.50 - 0.81 (Figure 5. 7).
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Figure 5. 7. The AUC of the ROC along with the bootstrapping 95% confidence
intervals are illustrated for the binary 1D-CNN model based on rcSO; and CNN-
XGBoost model.
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Table 5. 1. Demographics of infants included in study.

Mild n =28 Moderate n = 24 | Severe n =6
Abnormal outcome (%) 6 (21%) 7 (29%) 5 (83%)
TH (Yes/No) No Yes Yes
Sex (%) 18 male (64%) | 12 male (50%) 4 male (67%)
Gestational age weeks; mean (+ | 39.07 (1.63) 38.58 (1.69) 39.5(0.84)
SD)
Birthweight kg; mean (+ SD) 3.36 (0.53) 3.27 (0.53) 3.58(0.23)
Apgar score 1 min; mean (+ SD) 4.75 (2.77) 1.92 (1.21) 0.67 (0.52)
Apgar score 5 min; mean (+ SD) 7.50 (2.27) 4.46 (1.74) 1.67 (1.37)
Postnatal pH; mean (+ SD) 7.16 (0.16) 7.12(0.18) 7.12 (0.19)
Base deficit; mean (+ SD) -7.50 (7.55) -13.15 (5.20) -15.70 (7.41)
Lactate values; mean (+ SD) 9.48 (4.70) 10.56 (4.83) 11.05 (5.76)
NIRS recordings started at the first | 15 15 3
6 hours after birth
NIRS recordings started 6-12 hours | 10 9 3
after birth
NIRS recordings started 12-24 |3 0 0
hours after birth
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Table 5. 2. Architecture Details of the Convolutional Neural Network Model. The
model consists of 5 convolutional layers (Conv 1D) followed by two fully connected
(FC) layers. Each convolutional layer, except layer 5, had batch normalisation,
followed by leaky RelU activation and maxpool layer (Maxpool 1D). Before
convolutional layer #5, the HIE grade is imported to the model as the vector of values,
ranging from 1 to 3, and layer 5 had convolution 1*1, which was used to reduce the
dimension of the input. Then dropout (p=0.2) and fully connected layers followed, and
the activation of the last layer, was sigmoid function. The output was a number
between 0 and 1, estimating the probability of MRl outcome or death. Furthermore,
this model was run without adding the HIE grade in the layer 5, to investigate if the
NIRS signals detect outcomes without knowledge of the HIE grade.

Layer Input Number | Filter Stride | Dropout Output shape
of filters | size
Conv 1D (1*300) 8 7 1 - (8*294)
Maxpool 1D | (8*294) - 2 2 - (8*147)
Conv 1D (8*147) 8 5 1 - (8*143)
Maxpool 1D | (8*143) - 2 2 - (8*71)
Conv 1D (8*71) 16 3 1 - (16*69)
Maxpool 1D | (16*69) - 2 2 - (16*34)
Conv 1D (16*34) 16 3 1 - (16*32)
Maxpool 1D | (16*32) - 2 2 - (16*16)
Flatten (16*16) 1 - - - (1*256)
Add HIE | (1*256) 1 - - - (2*256)
grade
Conv 1D (2*256) 1 1 1 - (1*256)
Dropout (1*256) - - - 0.2 (1*256)
FC (1*256) - - - - (1*1024)
FC (1*1024) - - - - (1*1)
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5.5. Discussion:

This study reports that quantitative rcSO, features combined using machine learning
models were predictive of adverse outcome/brain injury. The machine learning
approach utilising NIRS rcSO; signal features has potential as a biomarker of brain

injury in term infants with HIE.

The features extracted from NIRS signals in our study are summarised into three
categories. The amplitude modulation refers to changes in the magnitude or intensity
of the signal over time. Increases in amplitude may indicate periods of higher
cerebral blood flow (CBF), or lower oxygen consumption leading to higher oxygen
content in the brain (NIRS is a venous weighted measurement). Instantaneous
frequency features refer to the rate at which the phase of the signal changes over
time. In other words, it quantifies the changing NIRS signal as it oscillates or cycles
within a specific time window. It can be indicative of dynamic alterations in CBF,
changes in arterial oxygen saturation or oxygen utilisation of the brain over time.
Fractal dimension indicates the complexity of the signal, offering insights into the
detailed pattern of cerebral oxygenation. Changes in fractal dimension may reflect
alterations in the underlying regulatory mechanisms governing cerebral blood flow
dynamics, such as neurovascular coupling and autoregulation. However, it should be
noted that the machine-learning models learn complex nonlinear combinations of
these features, therefore making interpretation difficult by obscuring the connection

to the outcome groups.

Feature importance identified specific components in the low-frequency bandwidth

as playing a significant role in contributing to the model's performance. Although
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these low-frequency features are related to the trend of rcSO; signal, our analysis of
mean absolute values rcSO; were not significantly associated with outcome. Our
previous study, Chapter 3, found significant correlations between rcSO, PRDs in
extremely preterm infants and intraventricular haemorrhage (IVH) confirmed by
ultrasound in extremely preterm infants (Ashoori et al., 2023). In the present study a
cohort of term infants with HIE, PRD features were not significant predictors of
adverse MRI or death in the first week of life. While PRDs are evident in both term
and preterm populations with adverse outcome, the frequency of the desaturations
appears to be less in the term cohort. Wintermark et al. (2014) found that
therapeutic hypothermia significantly decreased the number and duration of
cerebral oxygen desaturations in infants with HIE compared to normothermic
infants. Infants with HIE exhibit mitochondrial dysfunction during the secondary
deterioration associated with HIE, with an associated loss in oxidative metabolism.
Brain cells may also use less oxygen and contribute to higher cerebral venous
oxygenation, as measured by NIRS, arising from a decrease in brain function and/or
viability which would lower oxygen demand (Zhang et al., 2021; Dhillon et al., 2022).
The follow-up analysis on the MRI data taking into account the sub-regions of injury
showed a significant correlation between the machine learning model and the
degree of MRI injury, thus demonstrating the potential of machine learning models

of rcSO; to detect the severity of brain injury when evaluated by MRI outcomes.

Previous studies identified a weak association between mean absolute values of
rcSO; within 6-hour intervals during the first 60 hours of life and adverse short-term
outcomes (AUC = 0.56; Goeral et al., 2017). Also, similar to our previous findings, no

correlation was found between mean rcSO; and adverse outcomes. This observation
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also aligns with research conducted by Garvey et al., (2022) performed on the same
data set, that did not find an association between any rcSO; and adverse MRI
outcomes or fractional tissue oxygen extraction (FTOE) and outcome at 6 and 12h.
Yet we revealed that by utilising quantitative rcSO; features and a machine learning
model we were able to predict adverse MRI outcomes or death in the first week. The
computational power of the algorithms and the extensive quantitative analysis of
NIRS to extract useful features, contributed to stronger detection capabilities of the
rcSO2 measurement compared to previous studies using only mean absolute rcSO;
values (Goeral et al., 2017). Our analysis involved extracting and combining features
from continuous NIRS signals, even during hypothermia, and still exhibited the
potential to detect outcomes. Time of NIRS assessment in relation to the initial
hypoxic-ischaemic injury likely influences the associations observed. Niezen et al.,
(2018) reported an absence of association between mean rcSO; values and severely
adverse outcomes within the initial 48 hours after birth. However, at 72 hours after
birth and subsequent rewarming, rcSO; mean-values demonstrated significant

predictive capabilities.

The severity, duration and timing of the initial hypoxic ischaemic injury is variable
across patients with HIE, and the postnatal evolution of HIE may also be variable. It
is possible that infants with HIE progress to more severe grades of HIE. Power et al.,
(2019) highlighted that the modified Sarnat score was an essential component for
the assessment and evaluation of infants with neonatal encephalopathy. They
emphasised the use of this clinical grading scale and the benefits of its use as a
standardised approach to performing systematic neurological examination and

documentation of pertinent neurological findings. We also agree with Power et al.,
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(2019) that the value of the Sarnat Score when evaluating infants with suspected HIE
within the first few hours, has increased with the advent of therapeutic hypothermia
(TH) and the need to evaluate the neurological response to treatment in those who
undergo the TH. The early diagnosis of HIE using the modified Sarnat score is
important to direct clinical care. We found that HIE grading based on assessment
using Sarnat score at 1 hour of life was weakly predictive of adverse outcomes. This
is consistent with previous studies that have shown that HIE grading is a useful metric
for assessing the risk of brain injury in infants (Rutherford et al., 2010). It is important
to acknowledge that the Sarnat score incorporates some subjective measurements
based on clinical signs that are assessed at only one point in time (in the first hour of
life in this cohort) and does not take into account evolving injury or therapeutic
interventions. In addition, the Sarnat score is reportedly challenging to perform by
inexperienced staff and in practice is often poorly documented (Power et al., 2019).
Nonetheless we found that a machine learning model of NIRS features could
determine HIE grade (modified Sarnat — 1hr), indicating that cerebral NIRS measures
some aspects of brain oxygenation that are discriminatory in the context of

encephalopathy.

We developed CNN and CNN-XGBoost models to extract features from the NIRS
signals. To the best of our knowledge, our research represents the first instance of
applying deep learning methods to the analysis of NIRS signals recorded from
neonates with HIE. The primary advantage of deep learning, specifically CNNs, lies in
its ability to automatically extract high level and abstract features directly from raw
data, thus eliminating the need for manual feature engineering. Moreover, CNNs are

often the preferred choice for classification due to their capacity to model
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hierarchical and complex patterns, which often generalise better on unseen datasets.
However, it isimportant to note that CNN models exhibit superior performance when
a substantial dataset is available, rather than a limited one (Bailly et al., 2022).
Although our findings demonstrate that by employing CNNs for the analysis of NIRS
signals, we can significantly detect adverse outcomes in term infants with HIE, the
XGBoost model with the engineered features performs better. As the variability in
NIRS signals between neonates is the primary interest in this study rather than across
time segments within the same NIRS signal, our dataset of 58 babies is small in the
context of deep learning, and this small dataset necessitates a smaller network. With
access to NIRS signal from more patients, the CNN model may be preferable to the
XGBoost and features approach, enabling end-to-end optimisation of the training
task with a greater potential to generalise outside of the training and testing data. A
more extensive dataset would allow the model to encounter a multitude of patterns
and further refine its predictive abilities through learning. Development of a web-
based version of the CNN model will be explored in the future as a potential way to
refine and expand upon the CNN models generated which could improve with the

addition of more data.

Our study has some limitations. First, as alluded to above, our sample size was
relatively small; this sample size may not have been optimal for CNN models, which
may affect the generalisability and robustness of our findings related to deep
learning. Moreover, the XGBoost and CNN models have numerous hyperparameters
that required optimisation. While we made every effort to fine-tune these

parameters extensively without overfitting, it is worth noting that covering all
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possible hyperparameter combinations is not feasible, which could potentially

introduce bias or underfitting.

Another notable limitation of our study was the lack of precise information regarding
the initiation of TH during the recording period and limited data collection after
rewarming. Therapeutic hypothermia can change the trends and patterns of NIRS
signals, potentially affecting the quantitative features of these signals (Peng et al.,
2015). Future research should explore the utility of quantitative rcSO, features
extracted from NIRS data at defined epochs such as delivery room, prior to initiation
of TH, during TH and after rewarming, using machine learning models. Nonetheless,
our results indicate that NIRS derived rcSO,, coupled with machine learning methods,
has the potential to predict brain injury, even in the context of ongoing TH. Regarding
the NIRS recording itself, the INVOS device has a maximum reading of 95% rcSO;
(Hessel et al., 2014), which results in a saturated output signal devoid of signal
characteristics and therefore information when the rcSO exceeds 95%. As a result,
the features extracted from the signal, as well as the PRDs, will not capture changes
occurring in this range. Furthermore, it is important to note that in this study, the
adverse outcomes were observed in the short term (the first week of the life); but
these findings should not be generalised to long-term patient outcomes without
further testing. Barkovich MRI classification or early death as an outcome measure
has without doubt its limitations, relying on a single investigative modality that is not
always reflective of long-term physiology in terms of adverse behavioural, motor and
neurocognitive developmental outcomes. Even so, it represents an important short-
term outcome measure prior to discharge. Studies by Charon et al., (2016), Bhroin et

al., (2022), Kang et al., (2023) and Andorka et al., (2024) report good agreement
Page 287 of 321



between Barkovich scoring and long-term outcome, although other more novel
methods such as Weeke Score perform better (Bhroin et al., 2022; Kang et al., 2023;
Andorka et al., 2024). The results of the recent SafeBoosC-lll trial (Hansen et al.,
2023), albeit on preterm infant cohort, highlighted that NIRS monitoring alone does
not significantly improve patient outcome and suggests a need to try alternative
analysis methods but also the potential revision of corrective therapeutic approaches
for abnormal patterns of cerebral oxygenation. This study illustrates one potential

avenue for alternative rcSO2 signal analysis.

Recent advancements in machine learning have led to the development of
algorithms capable of monitoring neonatal EEGs to detect seizures in both term and
preterm infants (Pavel et al., 2020; O’Shea et al., 2021). Such advances hold great
promise for offering real-time decision-making support in neonatal intensive care
units. However, there remains a paucity of studies examining EEG and NIRS
concurrently, particularly their roles in detecting adverse outcomes during the first
week of life. Goeral et al., (2017) achieved improved predictability by combining
mean absolute NIRS data with blood pressure and aEEG using a logistic regression
method. Enhancing the accuracy of machine learning models through the integration
of NIRS with other clinical measurements, such as EEG and blood pressure, using

multimodal models could offer significant improvements.

In conclusion, our study demonstrated that machine learning models of NIRS signals
have the potential to provide objective, continuous and automated detection of
adverse short-term outcomes in term infants with HIE. We found a significant

correlation between a machine learning model of NIRS features, HIE grade and MRI
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severity or death. Our study suggests that NIRS will be a valuable tool for monitoring
and protecting the brain health of term infants with HIE if advanced signal analysis
methods are utilised and paired with improved therapeutic approaches. Further

studies in larger more diverse cohorts are needed to validate our results.
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6.1. Introduction

Impaired oxygen delivery or blood flow to the brain during birth can result in brain
damage, leading to a condition known as hypoxic-ischaemic encephalopathy (HIE),
which is the primary cause of mortality and disability among full-term newborns (van
Schie et al., 2015). HIE can lead to neonatal death or significant neurological and
neurodevelopmental issues such as cerebral palsy, epilepsy, or learning impairments
(Perez et al., 2013). HIE consists of an initial injury followed by a latent period lasting
about six hours before entering a secondary phase characterised by programmed cell
death (Bennet et al. 2006; Wassink et al. 2014). Therapeutic hypothermia (TH) is
presently the sole available treatment for infants with moderate to severe HIE and
must be initiated prior to the onset of the secondary injury phase to be effective

(Committee on Fetus and Newborn, 2014; Kattwinkel et al., 2010).

The electroencephalogram (EEG) enables continuous bedside monitoring of cerebral
function. The typical EEG background pattern can change because of an HIE insult and
provide valuable information about cerebral dysfunction (Walsh et al.,, 2011).
Moreover, these deviations are linked to unfavourable neurodevelopmental
outcomes (Murray et al., 2009). Monitoring the severity of ongoing encephalopathy
through EEG can be highly beneficial, especially when initiated during the early phase

of injury to identify infants who may benefit from TH (Tagin et al., 2012).

However, the review of EEG often requires specialised expertise that may not always
be available in neonatal care units. This study was conducted as part of an EEG

machine learning competition. The competition task was to use computer-based
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methods to automate the grading of background EEG activity in order to provide an

objective measure that can efficiently monitor many neonates.

6.2. Methods

6.2.1. Study Design and Participants

Data were obtained from a clinical trial involving medical devices to evaluate the
performance of a machine-learning algorithm in detecting seizures (Pavel et al., 2020;
Pavel et al., 2022). Neonates meeting specific criteria were admitted to the neonatal
intensive care unit and underwent EEG monitoring because they were deemed at risk
for seizures. The current dataset comprised 53 full-term newborns admitted to the
neonatal intensive care unit (NICU) at Cork University Maternity Hospital in Ireland.
All infants had been diagnosed with hypoxic-ischaemic encephalopathy (HIE). The
study to capture the EEG data was authorised by the Cork Research Ethics Committee
of the Cork Teaching Hospitals. Written and informed consent from a guardian or
parent was obtained before enrolling neonates in the study, in accordance with the
ethical standards set by the Clinical Research Ethics Committee and the principles of
the Declaration of Helsinki (World Medical Association, 2013). Publication of the fully
anonymised dataset, including data cleaning, was approved by the Cork Research
Ethics Committee, ensuring that researchers have access to high-quality, ready-to-use

data (O’Toole et al., 2023).

6.2.2. EEG

EEG recordings were conducted shortly after birth and continued for an extended
period of up to 100 hours. Two different EEG machines, the NicoletOne ICU Monitor

(Natus, Middletion, WI, USA) and the Neurofax EEG-1200 (Nihon Khoden, Tokyo,
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Japan) were used for recording. The sampling frequencies were at 256 Hz and 200 Hz.
Disposable electrodes were placed over the central (C3 and C4), frontal (F3 and F4),
occipital (01 and 02), and temporal (T3 and T4) regions and at the midline (Cz), based
on a modified version of the 10:20 international system (Pavel et al.,, 2022). A
maximum of 5 one-hour epochs with minimal artefacts were selected per neonate
within the first 48 hours after birth, totalling in 169 high-quality epochs included in

the dataset.

Two clinical physiologists specialising in neonatal EEG, individually assessed each
epoch using an established EEG classification system. In cases where the individual
assessments differed, the experts collaboratively reviewed the epoch and reached a
consensus grade. The grading criteria encompass various measures of amplitude and
frequency, continuity, normal and abnormal patterns, symmetry, and synchrony of
activity between hemispheres, as well as the presence or absence of sleep-wake
cycling. 4 grades were used: normal or mildly abnormal (grade 1), moderately
abnormal (grade 2), severely abnormal (grade 3), and inactive (grade 4) (Murray et
al., 2009). Out of the total 169 epochs, n = 105 were accompanied by labels, while n

= 64 lacked any label.

6.2.3. Signal Processing

The EEGs were captured in a busy intensive-care setting, and some contained
artefacts. These artefacts can stem from biological sources like sweat, muscle, and
respiration, as well as non-biological sources such as interference from nearby
devices like the 50 Hz electrical power supplies. Furthermore, periodic inspections of

electrode impedance lead to pauses in EEG recording, leading to periods of flat or
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near-zero EEG activity. A bandpass filter of 0.5 — 30 Hz was employed to remove the
low- and high- frequency artefacts, followed by down-sampling to 64 Hz. NEURAL
package was used to extract the quantitative features from the EEG signals, using the
bipolar montage of the EEG. The EEG signals were decomposed into four different

bandwidth frequencies: [0.5-4; 4-7; 7-13; 13-30] Hz (O’Toole & Boylan, 2017).

6.2.4. Feature Extraction

The extracted features include four main categories: Amplitude, frequency,
connectivity and inter-burst interval features -
https://github.com/otoolej/qEEG_feature_set (Table 6. 1) (O’Toole & Boylan, 2017).
Amplitude, frequency, and connectivity features were assessed over short epochs, so
these features were computed within a short time window (64 seconds) that was
shifted over time with 50% overlapping. Then, the median value was employed to
summarise these characteristics across all epochs. In the case of inter-burst intervals,
assessments were conducted individually for each channel before summarising using
the median value across all channels. Furthermore, some features were extracted
from each frequency band, and some were estimated for the signal before being
decomposed (indicated by * in Table 6. 1). In total, 102 features were extracted from

each epoch.

6.2.5. Machine Learning

A sequential ensemble of decision trees known as extreme gradient boosting
machine (XGBoost) was utilised to develop a predictive model for grade of EEG. The
features extracted from the epochs with labels were utilised to train the model, while

the unlabelled epochs served as the testing dataset. The regularisation parameters
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were optimised to improve the model's settings and enhance its performance. This
process involved systematically exploring various combinations of hyperparameters
and selecting the most effective configuration for our specific task. The
hyperparameters that were explored included learning rate (0.001, 0.005, 0.01, 0.05,
0.1, 0.2, 0.3), maximum tree depth (2, 3, 4, 5, 6, 7), column sample by tree (0.5, 0.6,
0.7, 0.8, 0.9, 1), gamma values (0, 1, 2), minimum child weight (1, 2, 3), and total
number of trees (10, 50, 100, 200, 300, 400, 500). Nested Leave-One-Out Cross-
Validation (LOOCV) technique was utilised for parameter optimisation which is a
reliable validation method ensuring comprehensive assessment of the model's
performance while overcoming overfitting issues. Inner LOOCV was used to select the
best hyperparameters package and an outer LOOCV was employed to evaluate the
overall model performance. To assign a grade to each signal, a multiclass classification

model with 4 grades was implemented.

6.2.6. Model Evaluation

After the model was constructed, it was utilised to predict grades leveraging features
extracted from the testing dataset. Subsequently, these results were uploaded to the
EEG machine learning competition website
(https://www.infantcentre.ie/2022/07/06/machine-learning-competition),  which
contained the ground truth for comparison with our predictions. The performance of
the model was evaluated using various metrics such as accuracy, precision, recall,

MCC and F1 score.
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Table 6. 1. Features extracted from EEG signals

Feature category

Feature

Amplitude

Amplitude total power

Amplitude SD

Amplitude kurtosis

Amplitude skewness

Envelope mean

Envelope SD

rEEG mean

rEEG median

rEEG lower margin (5% percentile)

rEEG upper margin (95 percentile)

rEEG width (upper margin — lower margin)

reEG SD

rEEG coefficient of variation

rEEG asymmetry (measure of skew about median)

Frequency

Spectral power

Spectral relative power (normalised to total spectral power)

Spectral flatness

Spectral entropy

Spectral difference: difference between consecutive spectral
estimates

Spectral edge frequency: 95% of spectral power contained
between 0.5 and cut-off frequency *

Fractal dimension *

Connectivity

Brain symmetry index

Correlation between envelopes of hemisphere-paired channels

Coherence mean value

Coherence maximum value

Coherence frequency of maximum value

Inter-burst interval

95% inter-burst interval *

Median inter-burst interval *

Burst percentage *

Number of bursts *
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6.3. Results:

The distribution of all 4 grades for the 169 epochs is summarised in Table 6. 2. The
number of epochs was not the same for all the neonates, and Table 6. 3 demonstrates
the number of epochs per neonate. The hyperparameter optimisation to enhance the
model’s performance on this task suggested setting the learning rate to 0.01,
maximum tree depth at 7, column sample by tree at 0.9, gamma values to O,
minimum child weight to 1, and a total number of trees at 500. Using these
parameters to apply LOOCV on the training dataset resulted in accuracy = 0.86,
precision = 0.78, recall = 0.77, MCC = 0.72 and F1 score = 0.77. Applying the
developed model on the testing dataset, resulted in accuracy = 0.89, precision =0.87,
recall =0.82, MCC = 0.80 and F1 score = 0.84. The details of the precision, recall, MCC
and F1 score among grades for training and testing datasets are presented in Table 6.

4.

Table 6. 2. Distribution of 4 grades of EEG

Grade n (%)

1 104 (61.54%)
2 31 (18.34%)
3 22 (13.02%)
4 12 (7.10%)

Table 6. 3. Distribution of number of EEG epochs available per neonate

Number of epochs per neonate n (%)

1 5(9.43%)

2 11 (20.75%)
3 14 (26.41%)
4 15 (28.31%)
5 8 (15.10%)
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Table 6. 4. Model performance metrics for training and testing (unseen) dataset

Dataset Metric Gradel | Grade2 | Grade3 |Grade4 | Mean
Training Precision | 0.92 0.89 0.67 0.64 0.78
dataset Recall 0.95 0.76 0.67 0.7 0.77
MCC 0.84 0.78 0.62 0.63 0.72
F1 score 0.94 0.82 0.67 0.67 0.77
Testing Precision | 0.93 0.7 0.86 1 0.87
dataset Recall 1 0.7 0.6 1 0.82
MCC 0.90 0.64 0.68 1 0.80
F1 score 0.96 0.7 0.71 1 0.84
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6.4. Discussion:

This study explored the potential utility of machine learning models in analysing EEG
signals in grading the severity of background abnormalities in term patients enrolled

less than 6 hours after birth.

Several algorithms have been developed to assess the EEG for Hypoxic-Ischaemic
Encephalopathy. Stevenson et al., (2013) introduced a technique for extracting non-
stationary characteristics from the time-frequency distribution (TFD). The procedure
involved the extraction of features related to amplitude modulation and
instantaneous frequency. Additionally, these extracted attributes were integrated
alongside traditional quantitative EEG metrics by employing a multi-class linear
discriminant classifier. They reported an accuracy of 0.83. Amplitude modulation
refers to fluctuations in the signal's amplitude over time, reflecting the strength or
intensity of synchronised neural activity. In infants with HIE, changes in amplitude
modulation may indicate disrupted or altered neural synchronisation caused by brain
injury resulting from a lack of oxygen and blood flow. Furthermore, instantaneous
frequency features could provide valuable insights into the dynamic and transient
changes in neural oscillations and frequency content. In infants with HIE, the
frequency of neural activity within the EEG can change due to brain damage. For
instance, there may be an increase in slower delta frequencies, reflecting impaired

cortical activity and neural dysfunction (Shibata & Otsubo, 2020).

Furthermore, Mati¢ et al., (2014) introduced a methodology that employed tensors
to analyse continuous EEG data. Initially, the EEG signals were segmented adaptively,

following which, three distinct features were extracted from each segment to
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construct a tensor; these features were peak-to-peak amplitude, global spatial
amplitude, duration of the consecutive segments having the same amplitude class.
Subsequently, this tensor was subjected to reduction via multi-dimensional
decomposition techniques prior to integration through a least-squares support vector
machine (SVM) algorithm. They achieved an accuracy of 0.89 to grade background
EEG abnormalities. The peak-to-peak amplitude measures the difference between
the highest and lowest points within an EEG segment and can indicate suppressed
brain activity resulting from HIE (Awal et al., 2016). Global spatial amplitude
represents the global amplitude across multiple EEG channels at a specific time point
and provides an overview of how amplitude of the neural activity is distributed
spatially across the brain, offering an insight into the global severity of brain
dysfunction. For instance, a predominance of low amplitude segments across
channels suggests widespread suppression of brain activity, a hallmark of severe HIE
(Awal et al., 2016). Another feature used by Mati¢ et al., (2014) was the duration of
the consecutive segments having the same amplitude class, which can show the

duration of EEG suppression as an indicator of HIE grade.

Mati¢ et al. (2015) also presented a methodology that integrated a dynamic inter-
burst intervals detection mechanism with a multi-class SVM classifier to improve
accuracy. In infants with HIE, the ability of the brain to generate continuous,
synchronised activity is impaired and EEG signals contain periods of suppression and
bursts of high-amplitude electrical activity, which reflect brief episodes of neuronal
firing (Raurale et al., 2019). Thus, inter-burst intervals, can give an overview of EEG

signal suppression between neural firing episodes.
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Moreover, Ahmed et al. (2016) utilised an expanded set of 55 features encompassing
elements from time and frequency to build a Gaussian mixture model (GMM)

supervector, combined using an SVM. They reported an accuracy of 0.87.

Raurale et al. (2021) integrated a quadratic time-frequency distribution with a
convolutional neural network to create a model capable of classifying EEG grades in
HIE. They achieved an accuracy of 0.89 on the development dataset and 0.69 on the
unseen testing dataset. While this approach eliminates the need for manual feature
design and selection by automatically extracting them, our model still surpasses its

performance.

The proposed XGBoost model demonstrated exceptional performance, ranking as the
second-best model in the EEG machine learning competition hosted by the INFANT
centre, outperforming many state-of-the-art methods. This achievement underscores
my innovative approach to automating analysis on early predictive EEG recordings
recorded in the first 6 hours of life. This report suggests that automated analysis of
EEG in the first hours of life is feasible and has a strong capacity to provide essential
information for parents and healthcare professionals. This helps in making more

informed choices concerning newborn care and treatment plans.
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Chapter 7. Thesis Discussion and Conclusion
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7.1. Overview of Main Findings

Preventing and mitigating brain injury in newborns, particularly in preterm infants,
represents a significant unmet clinical need due to its potential to cause lifelong
impairments, including developmental delays, cognitive deficits, and motor
dysfunction. As such, early detection and intervention are key for improving
outcomes. Artificial intelligence tools have the potential to analyse complex data
patterns from continuous measurements of vital signs in real time, thereby offering
clinicians insights into early signs of brain injury that would otherwise be missed. This
integration of neonatal monitoring with Al could transform care, enabling earlier
diagnosis, more personalised treatments, and ultimately better long-term outcomes

for affected infants.

At the start of my PhD research, | explored the extraction of advanced engineered
features from a pattern within NIRS derived- rcSO; signals, which we termed
Prolonged Relative Desaturations (PRDs). These PRDs are data-driven desaturation
events, lying in the 2-to-15-minute range, characterised by haemoglobin oxygen
desaturation lasting several minutes, with a relative change in the oxygen saturation
ranging approximately between 11% and 14%. By isolating these PRDs and deriving
various features directly from them, and then implementing machine learning
techniques, we developed predictive models. In our studies, we demonstrated that
combining the features extracted from rcSO> PRDs using XGBoost significantly
detected the occurrence of moderate and severe Intraventricular Haemorrhage (IVH)

in extremely preterm infants. This observation was validated through replication in a
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larger cohort of patients, drawn from a multicentre study, thereby reinforcing the

robustness of our findings.

Having evidence of the utility of advance NIRS-signal analysis in extremely preterm
infants to predict IVH outcome, | was interested in exploring its utility in other
cohorts. Utilising the MONItOr data set | explored the utility of NIRS features
collected from term infants diagnosed with HIE at 1 hour of life. Using this approach,
we found that specific features within the NIRS signals, after the PRDs were
extracted, had a strong correlation with adverse outcomes as detected by MRI. To
push the boundaries of our analysis further, we also incorporated deep learning
techniques. By leveraging these advanced computational models, we enabled the
automatic extraction of features and patterns within the NIRS signals. The deep
learning models were particularly effective in identifying subtle and complex
patterns that were predictive of adverse outcomes, further enhancing our ability to

detect and predict these events in early life.

Furthermore, by extracting key characteristics from EEG signals, | developed Al
models capable of detecting the severity of EEG background abnormalities in term
infants with HIE. In preterm infants, my analysis revealed associations between some
specific EEG features and mean arterial blood pressure, highlighting the potential of
EEG-based Al models to provide valuable insights into both neurological function and

hemodynamic stability in vulnerable neonatal populations.

Our findings suggest that the information embedded in the NIRS and EEG signals,

especially when combined with sophisticated signal processing techniques, offers a
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novel means of analysing clinical data that may be superior to traditional analytical
methods, which typically focus only on absolute values of NIRS signals. By leveraging
the detailed characterisation of significant cardiovascular/respiratory events that are
captured in the form of PRDs, we can enhance the accuracy and effectiveness of early
detection strategies, which should ultimately improve clinical outcomes for

vulnerable infants in the NICU.

7.2.  Contribution to the Field

In summary, our research highlights the significant potential of Al for detecting and
predicting adverse outcomes in the first days of life. The application of Al enables
clinicians to maximise the utility of data recorded from newborns, moving beyond
the reliance on single variables for intervention. Instead, Al facilitates more
comprehensive monitoring and predictive analytics that take into account
interindividual differences among infants. By employing automated algorithms that
are capable of understanding and learning complex, nonlinear relationships between
various variables, Al enhances the ability to identify early warning signs and trends
that may not be immediately apparent using traditional methods. This not only
improves the precision of clinical assessments but also supports clinicians in making
more informed and timely decisions, reducing the likelihood of errors due to fatigue

or human limitations.

The implications of this work are substantial, offering the potential for earlier
detection of complications, more accurate prognoses, and better long-term

outcomes for both preterm and term infants.
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7.3.  Strength and Limitations

This thesis is strengthened by the utilisation of state-of-the-art Al methods for
detecting adverse outcomes in neonates. The study benefits from access to data from
multicentre projects, which enhances the generalisability of the models we
developed. Studies specifically targeting preterm infants often have smaller sample
sizes due to the rarity of certain conditions and the complexity of data collection in
neonatal intensive care units. For instance, some studies that focus on specific
conditions, such as apnoea of prematurity, have sample sizes as small as 20
participants. The strength of multicentre projects lies in their ability to pool data from

several institutions, thereby increasing sample sizes.

However, there are notable limitations to this work. Since none of the datasets were
originally collected for the purposes of this thesis, certain data were unavailable. For
instance, the lack of precise information regarding maternal clinical history and the
exact timing of injury is a significant limitation. If the data had been specifically
collected for this research, additional brain scans could have been performed to more
accurately determine the timing of the injury. However, the risk benefit ratio to the
patient, including the potential harm from additional exposure to imaging, and the

feasibility of performing repeated scans must also be carefully considered.

Limited sample sizes posed a challenge in this study. Al models are known for their
data-intensive nature, requiring large datasets for effective training. While the clinical
study included relatively large cohorts for a niche population, in the context of data
science and Al, the sample size was still relatively small, which may have impacted

the robustness and generalisability of the Al models developed.
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7.4. Recommendations for Future Research

Future research in this area should prioritise the integration of data from multiple
centres to significantly increase sample sizes, thereby enhancing the statistical power
and generalizability of Al models. Collaborative platforms or websites that facilitate
the collection and sharing of data across different centres would be invaluable in this
regard. Such platforms could enable scientists to access larger, more diverse datasets,
thereby improving the robustness of predictive models. However, ensuring the
privacy and confidentiality of patient data is paramount. This will require the
development of secure, standardised protocols for data sharing that comply with
ethical guidelines and legal regulations. In Ireland, the storage of biological signals is
not done routinely, largely due to General Data Protection Regulation (GDPR)
constraints and the high cost of retaining these records. Furthermore, these
platforms are labour-intensive to maintain and require rigorous monitoring of data
quality and careful documentation of the devices used to monitor patients, as poor-
quality data can lead to unreliable outcomes. Therefore, ensuring high standards of

data accuracy and consistency is essential for the success of such systems.

In addition to expanding the dataset, future research should explore the use of
multimodal datasets to improve the accuracy of brain injury detection and prognosis.
While this thesis primarily focused on NIRS data, the integration of other modalities,
such as EEG and ECG, could provide a more comprehensive understanding of
neonatal brain function. Multimodal approaches allow for the capture of different
physiological signals, offering a more holistic view of the brain's condition and

potentially leading to more accurate and timely interventions. Synchronisation of
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devices would add further value by enabling a unified software system to capture and
store live data, ensuring that all signals are accurately aligned for better analysis and

clinical decision-making.

Moreover, conducting multimodal studies on animal models could provide valuable
insights into the mechanisms of brain injury and the effectiveness of various
interventions. These studies could serve as a foundation for developing and refining
multimodal Al models, which could then be applied to clinical settings. Collecting and
analysing data from such studies would not only enhance our understanding of brain
injury but also contribute to the development of more effective, individualised

treatment strategies for infants.

Overall, the future of research in this field lies in the collaboration between multiple
centres, the integration of multimodal data, and the ethical handling of sensitive
information.  Additionally, better collaboration between gynaecologists,
neonatologists, and paediatricians is essential for long-term follow-up and more
cohesive data collection. Continued collaboration between data scientists, basic
researchers, and neonatologists will also play a crucial role in advancing our
understanding. By addressing these areas, we can move closer to achieving more

precise and personalised care for infants at risk of brain injury.
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