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Abstract
Newborn infants undergo painful procedures during standard clinical care. However,
pain assessment in non-verbal infants is challenging. Improving understanding
of infant pain neurophysiology, including anticipating pain responses, is central
to improving pain management. Magnetic resonance imaging (MRI) is an ideal
technique for examining the structure and function of the infant pain system,
allowing whole-brain coverage at relatively high spatial resolutions. However,
major differences between the adult and infant brain necessitate the use of infant-
optimised data analysis methods.

The first study involved outlining and validating an optimised infant noxious-
response functional MRI data analysis pipeline to improve data quality. Using
a cohort of 15 healthy newborn infants, five key analysis steps were assessed.
Adopting the Developing Human Connectome Project functional MRI preprocessing
pipeline improved motion and distortion correction and spatial normalisation
outputs, and including spatial ICA-based denoising and minimal spatial filtering
furthered these improvements. Of three term infant haemodynamic response
function parameterisations, the double gamma function was most suitable. Relative
to a standard adult analysis pipeline adapted for infants, the infant-optimised
pipeline significantly improved data quality.

The second study involved predicting infants’ cerebral haemodynamic noxious-
response amplitudes from resting-state activity demonstrating the potential for
infant-unique brain activity to inform infant pain management. Using a cohort of 18
healthy newborn infants, nine resting-state networks were robustly identifiable, and
the infants’ resting-state network amplitudes predicted noxious-response amplitudes
with statistically significant accuracy. Noxious-response amplitudes were related to
white matter complexity using diffusion MRI, suggesting the response amplitudes
were infant trait effects. Finally, the specific pattern of functional and structural
neural correlates of the haemodynamic noxious-response amplitudes suggested the
responses reflected brain maturity.

This work advances our understanding of the newborn infant’s pain system, un-
derscores the central importance of MRI in furthering this basic understanding, and
helps form the foundations on which further infant pain research can be conducted.
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1
Thesis overview

1.1 Thesis motivation, aims, and structure

Newborn infants undergo a multitude of necessary painful procedures shortly after

birth as part of standard clinical care (Carbajal et al., 2008). Due to the subjective

nature of pain, verbal report is the gold standard for assessing the presence and

intensity of the pain experience (IASP, 2019). This causes serious challenges for pain

management of newborn infants during their time in hospital. It takes several years’

training to acquire the clinical acumen to competently decide upon appropriate pain

management strategies for infants undergoing clinically required painful procedures,

such as type and titration of analgesia and the required intensity of post-procedural

monitoring. Lack of verbal communication, a limited behavioural repertoire, and

the brief extra-uterine time window for establishing a medical history, ensure a

considerable degree of uncertainty exists in clinical decision making for effective

personalised analgesic care of the newborn infant. Current clinical pain assessment

relies on ambiguous behavioural and physiological responses to noxious events, such

as crying and elevated heart rate, as indicators of an infant’s pain experience and

sensitivity (Lee and Stevens, 2013). This uncertainty and ambiguity results in pain

often going under-detected and under-treated in the infant population (Roofthooft

et al., 2014). It would thus be of immense value to identify novel informative

indicators of a newborn infant’s unique sensitivity to nociceptive input that do

not rely on prior observations of pain-related responses to clinical procedures, and

that could reduce the uncertainty and ambiguity during clinical decision-making

processes regarding infant pain management.

1
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An infant’s brain structure and function are unique, and may be a source of

infant-specific indicators of how an infant will respond to painful events. In this

thesis, a multimodal magnetic resonance imaging (MRI) approach was adopted to

objectively quantify and explain an infant’s cerebral haemodynamic response to

nociceptive input. Resting-state activity was assessed for its capacity to predict an

infant’s noxious-response amplitude from spontaneous noxious-free brain activity.

Resting-state activity has great potential to provide novel insight into the multiple

dimensions of infant pain experience and expression, as it is unique to each individual

(Finn et al., 2015; Tavor et al., 2016), originates in the organ from which pain

perception emerges, and acquisition does not require pain or nociception exposure

for the infant. In addition to generating resting-state-based predictions, specific

structural and functional neural correlates of an infant’s noxious-response amplitude

were identified using white matter diffusion MRI (dMRI) and resting-state functional

MRI (rs-fMRI). These novel neural correlates help to improve our understanding

of the neurophysiological basis of individual variability in haemodynamic noxious-

response amplitude.

MRI is a flexible neuroimaging technique with which both structural and

functional data can be collected. Compared to electroencephalography (EEG)

and near infrared spectroscopy (NIRS), the most commonly used neuroimaging

techniques for studying infant pain, fMRI provides unparalleled insight into the

spatial organisation of the brain, allowing whole-brain coverage and greatest spatial

resolution. However, there are several limitations to using fMRI to study infant

pain, which has restricted its uptake, with only three fMRI studies on infant pain

processing published to date (Williams et al., 2015; Goksan et al., 2015; Goksan

et al., 2018). General limitations of fMRI include the relatively poor temporal

resolution and the indirect haemodynamic nature of the fMRI blood oxygen level

dependent (BOLD) signal. Limitations that are particularly prominent in infant

fMRI include the high degree of head motion signal contamination as well as

the lack of data analysis pipelines that are optimised for the infant population,

with researchers often relying on methods developed and optimised for the adult
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brain. Relevant to data analysis optimisation, some major adult-infant differences

include the reduced size and degree of gyrification of the infant brain, the infant’s

immature haemodynamic response to neural activity, fundamental differences in

brain tissue composition, and physiological and motor outputs. Inappropriate data

analysis methods will likely fail to account for the heavy motion contamination,

smaller brain size, and immature haemodynamic response waveform, ultimately

preventing the achievement of data quality high enough to convincingly assess

infant brain activity at the individual level.

In order to successfully use fMRI to understand the neurophysiological basis of

individual variability in noxious-response amplitudes, development of a bespoke new-

born infant fMRI data analysis pipeline optimised for the nociception experimental

paradigm was required. In this thesis, an analysis pipeline for data preprocessing

and haemodynamic response modelling was outlined and validated. Five key stages

of infant fMRI data analysis were tested: motion and distortion correction, spatial

normalisation, independent component analysis (ICA)-based denoising, spatial

filtering, and haemodynamic response function (HRF) modelling.

In summary, this thesis has three central aims. First, outlining and validating an

optimised infant noxious-response fMRI data analysis pipeline to achieve high

subject-level data quality. Second, assessing the potential to use an infant’s

unique resting-state brain activity to predict the size of the cerebral haemodynamic

response to nociceptive input. Third, identifying novel functional and structural

neural correlates of an infant’s haemodynamic response to nociceptive input to

improve our understanding of the neurophysiological basis of individual variability

in response amplitude.

Four chapters follow this overview chapter. Chapter 2 provides the requisite

background for contextualising the research performed in later chapters. Chapters

3 and 4 are the core research chapters, both of which are written in IMRaD format

— Introduction, Methods, Results, and Discussion. Chapter 3 addresses the first

thesis aim, outlining and validating an optimised analysis pipeline for infant noxious-

response fMRI data. Chapter 4 addresses the second and third thesis aims, assessing
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the predictive capacity of infant rs-fMRI data and identifying specific structural and

functional neural correlates of noxious-response amplitude. Chapter 5 provides a

general summary of the key findings of this thesis, as well as an outline of limitations,

suggested improvements, extensions, and future work.

1.2 Novel contributions of this thesis

The novel contributions of the work in Chapter 3 are as follows:

• First publication to use EDDY adapted for fMRI data (Baxter et al., 2019)

• First publication with FIX applied to task fMRI data in infants (Baxter et al.,

2019)

• Demonstration that the dHCP preprocessing pipeline is generalisable to an

independent dataset with quite different acquisitions and generalisable to

non-resting state data

• First demonstration that the advanced preprocessing pipeline, such as the use

of EDDY, removes noise variance without diminishing signal-of-interest

• First direct comparison of a dHCP preprocessing pipeline with an existing

preprocessing pipeline optimised for adults and subsequently adapted for

infants

• First direct comparison of multiple infant HRF parameterisations

The novel contributions of the work in Chapter 4 are as follows:

• First demonstration that an infant’s noxious-response brain activity is tightly

coupled to ongoing resting-state activity

• First demonstration that cross-infant variability in noxious-response amplitude

is related to underlying white matter microstructure
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1.3 Publications, presentations, and awards

1.3.1 Publications

The study outlined in Chapter 3 has been published open-access under CC-BY

licence with copyright maintained (Baxter et al., 2019). While the introduction,

methods, and discussion sections of Chapter 3 have been restructured, expanded,

and updated since publication, the core results have not changed.

Goksan, S., Baxter, L., Moultrie, F., Duff, E., Hathway, G., Hartley, C., Tracey, I.,

Slater, R., 2018. The influence of the descending pain modulatory system on infant

pain-related brain activity. eLife 7. https://doi.org/10.7554/eLife.37125

Personal contributions:

• Data analysis: performed all fMRI preprocessing using my optimised FEAT
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2
Background

2.1 The concept of pain

2.1.1 Defining pain and nociception

Pain is an unpleasant sensory experience that acts as a warning system to protect us

from bodily harm. In order to be able to detect, measure, and alleviate pain, a clear

definition is needed. The International Association for the Study of Pain (IASP)

definition of pain, first put forward by Merskey and colleagues in 1979 (Merskey

et al., 1979), has been widely adopted by the pain community. Pain is defined

as “an unpleasant sensory and emotional experience associated with actual or

potential tissue damage, or described in terms of such damage” (IASP, 2019). This

definition highlights the subjective multidimensional nature of pain, and addresses

both the sensory and emotional dimensions. The sensory dimension encompasses

localisation (where is the pain?), intensity (how intense is the pain?), and modality

(is the pain burning, pricking, etc.?). And the emotional dimension encompasses

the emotional valence (pain is unpleasant) and intensity (how unpleasant is the

pain?). There are indeed other important dimensions to pain. Cognitive aspects

include pain’s attention-demanding nature, motor aspects include defensive and

avoidance behaviours, and autonomic and endocrine aspects include cardiovascular,

respiratory, and hormonal responses. While the IASP definition of pain is not the

only one available, it is a useful and widely adopted operationalisation of pain that

has stood the test of time (Treede, 2018). It will thus be adopted throughout this

thesis to ensure a clear and consistent terminology.

9
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Pain is typically classified into three categories: nociceptive, inflammatory, and

pathological (Woolf, 2010). Nociceptive pain is the sensing of harmful, potential or

actual tissue-damaging stimuli — caused by activation of high-threshold receptors.

Inflammatory pain is pain due to heightened sensitivity and tenderness in bodily

regions that are undergoing healing in response to tissue damage or infection —

caused by activation of the immune system. Both nociceptive and inflammatory

pain serve beneficial and protective functions: nociceptive pain motivates an

individual to get out of immediate harm’s way, and inflammatory pain discourages

the individual from exposing damaged tissue to further harm until healing has

occurred. Pathological pain is maladaptive pain due to abnormal functioning of the

pain system. Causes of chronic pathological pain vary widely: chronic inflammation

(e.g. rheumatoid arthritis), nervous system disease (e.g. post-herpetic neuralgia),

or idiopathic pain (e.g. fibromyalgia). Pain can also be classified based on the

organ of origin. Somatic pain originates from superficial organs, such as the skin i.e.

cutaneous pain. And visceral pain originates from deep organs, such as the intestines.

Pain is a broad and complex topic. There are beneficial and harmful types of

pain, that can work over acute or chronic time-scales, and in every case, each of the

multiple dimensions of pain can play roles of varying degrees. As will be described

in later chapters, the type of pain relevant to the work within this thesis is the

pain experienced following acute medically-required nociceptive procedures, such as

routine blood testing that is frequently performed in newborn infants using a heel

lance, where a minor skin-breaking incision is made on the heel (Courtois et al.,

2016). This type of pain is classified as acute somatic (cutaneous) nociceptive pain.

As MRI is the data-type used throughout this thesis, it is necessary to note that

newborn infant pain is challenging to directly study in the MRI environment. There

are several reasons for this, but the primary reason is ethics-based. In most research

investigating infant pain, and that performed within my research group (Paediatric

Neuroimaging Group), an infant’s pain responses or pain-related brain activity are

usually recorded while the infant is undergoing a clinically-required painful event e.g.

blood test, vaccination, intubation, etc. Unlike adult studies, pain is not inflicted
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purely for the purposes of research. Practical considerations and safety concerns

make it unacceptable to perform painful clinical procedures in the MRI environment.

Instead, very mild experimental stimuli are used in the MRI setting that do not

distress the infant or cause clinical concern in any way. To mimic a heel lance

blood test in the MRI scanner, a sharp-touch stimulus is applied to the infant’s foot.

The sharp nature of the stimulus activates the cutaneous receptors and subsequent

pathways and brain regions involved in processing painful events, but at an intensity

presumed to be below the pain threshold due to the lack of behavioural and

physiological distress responses. These sharp-touch experimental stimuli facilitate

probing the infant pain system without upsetting or distressing the newborn infant.

It is thus important to introduce the distinction between pain and nociception.

IASP defines nociception as “the neural process of encoding noxious stimuli”, where

a noxious stimulus is “a stimulus that is damaging or threatens damage to normal

tissues” (IASP, 2019). The sharp-touch stimulus used throughout this thesis does

not cause tissue damage, yet its sharpness can be considered threatening of tissue

damage. At the intensities used in experimental research, it activates noxious skin

receptors that, if activated with greater intensity, would result in nociceptive pain.

As is clear from these definitions, all nociceptive pain must involve nociception,

but nociception does not always lead to pain.

2.1.2 Conceptual frameworks

In addition to a clear definition of pain, it is valuable to embed the definition in a

conceptual framework. Conceptual frameworks allow the formulation of testable

hypotheses, and facilitate the integration of theories of pain with theories of other

perceptions and neural functions. Historically, there have been two major competing

views on pain processing: the labelled lines theory and the pattern theory (Moayedi

and Davis, 2013). Labelled lines theory (or specificity theory) posits that pain-

specific receptors and pathways exist, transmitting noxious input along dedicated

pathways to specific pain centres in the brain. In contrast, pattern theory posits

that no pain-specific labelled lines exist, and it is the specific pattern of incoming
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sensory information that encodes the sensation of pain. These theories remained in

competition until Ronald Melzack and Patrick Wall published their influential gate

control theory of pain in 1965 (Melzack and Wall, 1965). This theory embraced

patterns over labelled lines, partly due to the influence of the recently discovered

wide-dynamic-range neurons (Mendell and Wall, 1965), which respond to both

noxious and non-noxious inputs, and partly due to failings of labelled lines theory

(Wall, 1996). While the gate theory was tremendously fruitful conceptually, it

is now clear that most of the finer details of the theory were incorrect (Mendell,

2014). There are specific mechanistic issues with the hypothesised gate theory spinal

cord circuitry, and nociceptive-specific cells, in addition to wide-dynamic-range

cells, exist at all points of pain pathways from the periphery to the brain (Price,

Greenspan, and Dubner, 2003). It is now largely agreed that the peripheral sensory

input aspect of the pain system (the primary afferent neuron) operates in a labelled

line fashion. However, in both the spinal cord and brain, pain pathways feature

both noxious-specific and non-noxious-specific neurons. The relative contribution

and importance of patterns and labelled lines in processing pain in the central

nervous system remains an interesting and open question (Basbaum, 2011).

More recently, pain has been incorporated into broader theoretical frameworks,

such as the Bayesian learning model of pain (Clark, 2013; Tabor et al., 2017; Tabor

and Burr, 2019). Bayesian learning models conceptualise pain as a perception, and

thus as a sensory signal. Under this framework, pain is viewed as the brain’s optimal

inference of the nociceptive stimulus (Tabor et al., 2017; Tabor and Burr, 2019;

Seymour, 2019). Pain is modulated by factors such as emotions and expectation,

as these existing neural contextual factors (the Bayesian prior distribution) bias

the noisy sensory input (the Bayesian likelihood function). Pain-related behaviours

are then viewed as actions that minimise future unexpected pain (Tabor and Burr,

2019). Conceptual frameworks of pain other than the Bayesian learning model

approach exist and will be discussed below. In brief, the conceptual frameworks most

commonly adopted in the infant pain literature (biopsychosocial and biopsychomotor

models) do not focus on or attempt to explain neural pain mechanisms, and so,
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are of limited value to the work in this thesis. The Bayesian learning model of

pain is adopted for three reasons. First, it is consistent with the IASP definition

of pain as a “sensory and emotional experience”. Second, it is an elegant model

that offers a general computational approach encompassing all sensory perception

modalities (Clark, 2013). Its general framework naturally incorporates cognitive and

emotional modulatory influences on pain perception, and also provides a framework

for understanding a person’s pain-related motor outputs and behaviours. And

third, a pain-specific literature is beginning to emerge demonstrating the value of

conceptualising pain as a form of Bayesian statistical inference (Büchel et al., 2014;

Anchisi and Zanon, 2015; Geuter et al., 2017; Fazeli and Büchel, 2018; Tabor et al.,

2017; Tabor and Burr, 2019; Ongaro and Kaptchuk, 2019).

It is important to note that the development of conceptual frameworks for

pain is an active area of research with ongoing debate. To appreciate what an

alternative conceptualisation of pain may look like, Ben Seymour’s recently detailed

reinforcement learning model of pain (Seymour, 2019) will be briefly described. In

contrast to the Bayesian learning model of pain, the reinforcement learning model

conceptualises pain as a teaching and control signal that “drives the learning of

values” (Seymour, 2019). Under this framework, pain is viewed as an optimal control

signal to minimize current and future nociceptive stimuli. Pain is no longer viewed

as a sensory signal and thus should not be viewed as ‘modulated’ by emotional

or cognitive factors, as the concept of modulation assumes pain is reflecting a

nociceptive sensory signal. Instead pain is simply tuned by factors in a precise

manner to direct harm-minimizing behaviours. Whether the conscious perception

of pain reflects “an optimal inference of a real or presumed nociceptive stimulus,

or an optimal control signal to minimize current and future nociceptive stimuli”

(Seymour, 2019) is an interesting contemporary debate.

Due to the difficulty in studying pain in infants, it is not surprising that definitions

and conceptualisations of pain used in adult research are often not translated to

infants. An early misconception that the IASP definition of pain is “strictly defined

within the capabilities of adult interpretation” (Anand and Craig, 1996) was an
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early and influential catalyst that shifted conceptualisations of infant pain from

a conscious experience to a measurable behavioural or physiological response. In

infant pain research, popular conceptual frameworks of pain include biopsychosocial

and biopsychomotor models. Regarding biopsychosocial models, Craig’s Social

Communication Model (SCM) (Craig, 2015) is the most developed. This model

has been adapted specifically for infants by Rebecca Pillai Riddell to form the

Development of Infant Acute Pain Responding (DIAPR) model (Pillai Riddell

et al., 2013). Similar to the Bayesian and Reinforcement learning models, these

biopsychosocial models take a holistic view of pain, attempting to encompass pain’s

multidimensional nature. However, biopsychosocial models focus predominantly on

infant behaviour and the infant’s social environment, and do not attempt to provide

mechanistic insight into infant neural pain processing – “Rather than pursuing the

infinite challenge of operationalizing the non-verbal infant’s subjective experience

of the noxious stimulus, the [DIAPR] model focuses on overtly measurable pain

behaviours” (Pillai Riddell et al., 2013). Due to the shift in focus from “pain

experience” to “pain expression” and the lack a neural mechanistic basis, adopting

the biopsychosocial conceptual framework would be inappropriate for the work in

this thesis. However, biopsychosocial models are not in conflict with the Bayesian

learning model of pain (unlike the reinforcement learning model in their current

state), and indeed can straight-forwardly be accounted for by the broader Bayesian

model. For example, biopsychosocial models highlight the importance of the social

context, which is readily accounted for by the Bayesian approach (Krahé et al., 2013).

Another popular framework in infant pain research is the biopsychomotor model

(Sullivan, 2008). Similar to the biopsychosocial models, this biopsychomotor model

emphasises the importance of measurable pain behaviours. However, unlike the

biopsychosocial models, there is an explicit attempt to redefine pain to incorporate

overt motor behaviours. While behavioural output is central to pain, and is

a major feature of the Bayesian and reinforcement learning models, it is not

clear what the biopsychomotor definition of pain is, and what adopting it would

entail, other than directing increased focus onto subject behaviour. And like the
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biopsychosocial models, the biopsychomotor model does not attempt to provide

a neural mechanistic account.

2.1.3 Summary

In this section, definitions of pain and nociception were outlined, as well as

important conceptual frameworks in which pain is commonly embedded in both

adult and infant pain research. Acute nociceptive somatic pain was outlined, as

this subcategory of pain is the focus of this thesis. The important distinction

between pain and nociception was introduced, as it is relevant to infant pain studies

in the MRI setting, where clinically-required painful procedures cannot typically

be performed. The Bayesian learning model was introduced to provide a brain-

focused mechanism-based conceptual framework in which the IASP definition of

pain can be embedded. Explicitly addressing these fundamental topics should

ensure conceptual consistency and clarity throughout this thesis, and these concepts

will be of central importance when critically evaluating currently available infant

pain assessment measures (Section 2.3.2).

2.2 The Pain System

2.2.1 The adult pain system

Acute nociceptive somatic pain is initially transduced by first-order neurons in

the periphery. This transduction of mechanical nociceptive stimulation is termed

mechanotransduction, the mechanisms of which are still largely unknown (Lumpkin

and Caterina, 2007). A subset of dorsal root ganglion cells is specifically sensitive to

high-threshold mechanical input (i.e. mechanical nociceptive input) (Burgess and

Perl, 1967; Perl, 1968), and are called nociceptors. Nociceptors encoding noxious

touch are predominantly high-threshold Aδ-fibre and C-fibre mechanoreceptors.

However, not all Aδ- and C-fibres are nociceptors. In hairy skin, low-threshold

mechanoreceptor for both Aδ-fibres (Djouhri, 2016) and C-fibres (CT afferents)

(McGlone, Wessberg, and Olausson, 2014) mediate gentle and pleasant touch.

The high-threshold Aδ-fibre and C-fibre mechanoreceptors contain subpopulations
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of both modality-specific nociceptors responding to mechanical stimulation alone

(Cavanaugh et al., 2009; Scherrer et al., 2009), and polymodal nociceptors responding

to both mechanical and thermal stimulation (Perl, 1996). Both Aδ-fibre and C-

fibre nociceptors encode high-intensity mechanical stimuli (Slugg, Campbell, and

Meyer, 2004), but are differentially tuned to the type of mechanical nociception

encoded, with Aδ-fibres encoding sharp pricking pain and C-fibres encoding dull

aching pain (Konietzny et al., 1981; Ochoa and Torebjörk, 1989). Both types

of nociceptors project predominantly to the superficial layers of the spinal cord

dorsal horn, laminae 1 and 2, but there are also significant projections to lamina

5 (Light and Perl, 1979a; Light and Perl, 1979b; Sugiura, Lee, and Perl, 1986;

Sugiura, Terui, and Hosoya, 1989).

In the spinal cord dorsal horn, two major types of second-order nociception

projection neurons exist: nociceptive-specific neurons (Christensen and Perl, 1970)

and wide-dynamic-range neurons (Mendell, 1966). Both types of nociceptive neurons

are found at all junctions of central pain pathways from the spinal cord to the cortex

(Price, Greenspan, and Dubner, 2003). In addition to projection neurons, the dorsal

horn also includes a range of modulatory neurons. Local inhibitory modulation

in the dorsal horn is provided by GABA-ergic and enkephalinergic interneurons,

both of which provide direct inhibition of the spinothalamic tract (Ruda, Coffield,

and Dubner, 1984; Carlton et al., 1992; François et al., 2017). The brainstem also

provides abundant external modulatory input to the dorsal horn. The rostral ventral

medial medulla (RVM), a major output of the descending pain modulatory system,

provides both inhibitory anti-nociceptive input from RVM off-cells and facilitatory

pro-nociceptive input from RVM on-cells (Heinricher et al., 2009). Additionally,

brainstem serotonergic and noradrenergic inputs provide anti-nociceptive modulation

(Yoshimura and Furue, 2006), both indirectly via dorsal horn interneurons and

directly to spinothalamic and other ascending tracts (Hylden et al., 1986; Westlund

et al., 1991; Miller and Salvatierra, 1998). The serotonergic input comes from

several regions including nucleus raphe magnus, while the noradrenergic input come

from distinct regions including the locus coeruleus (Kwiat and Basbaum, 1992).
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These pain modulatory regions are important sites for inducing analgesia: electrical

stimulation of brainstem regions such as RVM and periaqueductal grey (PAG) can

result in stimulation-induced analgesia (Hosobuchi, Adams, and Linchitz, 1977), and

positive expectations can result in placebo analgesia also acting through activation

of a network of brain regions involving the RVM and PAG (Eippert et al., 2009).

There is a multitude of routes for spinal cord nociceptive outputs. Nocifensive

limb withdrawal reflexes occur when nociceptive input from high-threshold Aδ-

fibres indirectly synapse, via spinal interneurons, on α-motoneuron (Sandrini et al.,

2005). This rapid polysynaptic spinal withdrawal reflex provides a protective

mechanism for the individual. There are also modulatory feedback loops via the

brainstem. The spinoreticular tract includes projections to brainstem reticular

formation regions including the RVM (Haber, Moore, and Willis, 1982; Mehler,

Feferman, and Nauta, 1960), and the spinomesencephalic tract includes projections

to the PAG (Yezierski, 1988; Mantyh, 1982). Both of these pathways are central to

the influence of incoming nociceptive input on the output of the descending pain

modulatory system. Beyond brainstem modulatory loops, the spinohypothalamic

tract projects to the hypothalamus (Zhang et al., 1999), and the spinoparabrachial

tract projects to parabrachial nuclei (Saper, 1995), which then project nociceptive

input to both the hypothalamus (Bester et al., 1995) and amygdala (Bernard and

Besson, 1990). These two tracts thus provide a route for nociceptive input to

reach regions of the cerebrum involved in motivational and emotional processing

as well as autonomic outputs.

Finally, the spinothalamic tract is the principal ascending spinal tract that

carries nociceptive inputs to cortical regions, via several nuclei of the thalamus. The

spinothalamic tract leaves predominantly from laminae 1 and 5 (Price, Greenspan,

and Dubner, 2003) of the spinal cord dorsal horn, with 90% of the spinothalamic tract

projecting to contralateral thalamus (Apkarian and Hodge, 1989). Spinothalamic

inputs project predominantly to five subregions of the thalamus. The ventral

posterior complex relays to primary somatosensory, secondary somatosensory, and

insular cortices (Kenshalo et al., 1980; Kenshalo and Isensee, 1983; Stevens, London,
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and Apkarian, 1993). The posterior complex relays to secondary somatosensory

and insular cortices (Burton and Jones, 1976). The ventral lateral nucleus relays to

primary motor cortex (Stepniewska et al., 2003). The intralaminar complex relays to

the striatum and several cortical regions, including prefrontal and cingulate cortices

(Jones, 2007). And finally, the medial dorsal nucleus relays to middle cingulate cortex

(Dum, Levinthal, and Strick, 2009). In general, approximately 40% of spinothalamic

inputs go to insular cortex via the posterior complex (posterior-suprageniculate

nucleus), 30% go to secondary somatosensory cortex via the ventral posterior

complex (ventral posterior inferior nucleus), 25% go to middle cingulate cortex via

the mediodorsal nucleus, and less than 5% go to primary somatosensory cortex via

the ventral posterior complex (ventral posterior lateral nucleus) (Dum, Levinthal,

and Strick, 2009). Whole-brain human functional imaging studies corroborate

the importance of the multitude of brain regions listed here in the processing of

nociceptive input (Jones et al., 1991; Treede et al., 1999; Apkarian et al., 2005).

In 2005, Apkarian and colleagues (Apkarian et al., 2005) conducted a thorough

meta-analysis of 60 human neuroimaging studies, identifying the thalamus, primary

and secondary somatosensory, insular, cingulate, and prefrontal cortices as key

components of the human pain system.

2.2.2 The infant pain system

Note: Throughout this thesis, terminology used to describe infant age will be that

outlined by the American Academy of Paediatrics (Engle and American Academy of

Pediatrics Committee on Fetus and Newborn, 2004). Three terms will be commonly

used throughout, and are explicitly defined here for clarity:

• Gestational age: time elapsed between the first day of the last menstrual

period and the day of delivery

• Postnatal (or Chronological) age: time elapsed since birth

• Postmenstrual age: gestational age + postnatal age
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Prior to term age, both Aδ- and C-fibres nociceptors have reached the spinal

cord and are functional (Fitzgerald and Swett, 1983). In the dorsal horn of the

spinal cord, both nociceptive-specific and wide-dynamic-range neurons project to

the thalamus via the spinothalamic tract (Fitzgerald and Jennings, 1999; Davidson,

Truong, and Giesler, 2010). Nociceptive signals in the dorsal horn are being

modulated by both local interneurons and descending projection neurons from

the brainstem. While the GABA neurotransmitter plays an excitatory role in

earlier development (Ben-Ari, 2014), by term age, the local GABAergic interneurons

provide inhibitory input to the spinothalamic projections (Bremner, Fitzgerald, and

Baccei, 2006; Hathway et al., 2006). Unlike the adult, the descending modulatory

input from brainstem regions appears to be solely facilitatory (Hathway et al.,

2006; Hathway et al., 2009), with electrical stimulation of the PAG failing to

result in stimulation-induced analgesia (vanPraag and Frenk, 1991). In addition to

brainstem facilitatory input, the dorsal horn has increased excitatory peripheral

input from Aβ-fibres (Jennings and Fitzgerald, 1996), resulting in the infant dorsal

horn projection neurons being more excitable than adults. In addition to direct

examination of the nervous system, the presence of functioning neural substrates can

be inferred from typical responses to noxious stimuli. Term age infants display clear

limb withdrawal reflexes, facial expression, crying, cardiovascular, respiratory, and

hormonal responses to tissue-damaging stimuli, such as clinically required heel lance

blood tests. These responses can only occur if the neural pathways underpinning

nocifensive behavioural, autonomic, and endocrine outputs are functional. These

outputs thus demonstrate the functional status of spinal motor outputs, brainstem

motor and autonomic outputs, as well as hypothalamic endocrine outputs. However,

for perception of the pain experience to be possible, the cerebral circuits underpinning

the sensory and emotional dimensions of pain must also be functional.

Rodent studies as well as human histological studies confirm that thalamocortical

and corticocortical connections have developed by term age (Kostović and Jovanov-

Milosević, 2006). The functionality of these connections has been demonstrated

using electroencephalographic (EEG) and imaging techniques in newborn infants.
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Resting-state networks typically found in adults can be observed in the patterns of

infant resting-state activity (Doria et al., 2010; Fransson et al., 2011; Fitzgibbon

et al., 2019), demonstrating functional long-range intra- and inter-hemispheric

connectivity. While the functional presence of the somatosensory system can be

inferred from the presence of somatosensory resting-state networks, this has also

been directly established in newborns using both EEG (Khazipov et al., 2004;

Milh et al., 2007) and fMRI (Arichi et al., 2010) to detect somatosensory-evoked

neural activity. More recently, there is evidence for the establishment of hierarchical

organisation of the term-age infant’s somatosensory system, at least in the earliest

stages of stimulus processing (Whitehead et al., 2019). Comparing the infant

cerebral responses of high-threshold nociceptive and low-threshold non-nociceptive

cutaneous mechanical input, there is now clear evidence that nociceptive-specific

information reaches the newborn infant’s brain, detectable using both neural and

haemodynamic methods (Slater et al., 2006; Hartley et al., 2017). Using EEG, the

infant brain has been shown to differentially encode noxious and non-noxious touch

from at least 35 weeks postmenstrual age (Fabrizi et al., 2011).

A landmark functional MRI (fMRI) study in 2015 by Goksan and colleagues

(Goksan et al., 2015) compared regions of cerebral activation in response to mild

noxious stimulation with a pinprick stimulator between adults and newborn infants.

This study highlights several important aspects of infant nociception processing.

First, the overall pattern of functional activation closely resembles that of adults.

This establishes that the functional segregation division-of-labour organisation

principle of the brain is already established in newborn infant nociception processing.

Second, the list of similarly activated brain regions between adults and infants include

both lower and higher levels of the cortical hierarchy. In infants, nociceptive inputs

are processed in lower-level regions including the insula and primary and secondary

somatosensory cortices, as well as higher-level behavioural output regions including

the striatum and middle cingulate cortex, suggesting newborn infants can process the

sensory-discriminative and nocifensive-behavioural dimensions of pain. Third, the

major observed difference between adult and infant activity patterns was that infants
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did not exhibit functional activation of either the amygdala or the orbitofrontal

cortex in response to the 128 mN pinprick stimulus, while adults did in response to

the 512 mN stimulus. The amygdala and orbitofrontal cortex are centrally involved

in determining reward value and emotional valence of sensory input including pain

(Rolls et al., 2003). Considering the IASP definition of pain requires an emotional

response, lack of activity in these regions tentatively suggests the infants, unlike the

adults, did not assign a strong emotional or reward value to the stimulus. While

this lack of activity due to failing to reject the null hypothesis may simply indicate

a lack of statistical power, the tentative non-activation hypothesis is consistent with

the view of the 128 mN pinprick stimulus as mildly nociceptive, likely near or below

the infants’ pain threshold, not behaviourally or physiologically distressing, and

not a cause for any clinical concern. Using EEG, the same experimental pinprick

stimulus has been shown to evoke a noxious-specific event related potential (ERP)

at a lower amplitude to that seen in response to the heel lance (Hartley et al., 2015;

Hartley et al., 2017). Together, these EEG and fMRI studies help validate the use

of the sharp-touch 128 mN pinprick stimulus to probe the infant nociceptive pain

system in an ethically, clinically, and scientifically acceptable manner.

2.2.3 Summary

In this section, the core structural and functional neural components underpinning

acute nociceptive somatic pain were outlined. Topics such as cell types, anatomical

pathways, brain structures, and functional segregation in the brain were described for

the healthy adult. Considering the population under study in this thesis is healthy

newborn infants at peri-term age, the developmental status of the nociceptive

somatic pain system for this population was outlined. This overview covered the

commonalities and differences between the adult and infant systems, concluding

that an immature system is structurally and functionally established by the peri-

term period. EEG studies have demonstrated that both tissue-damaging clinical

procedures as well as non-tissue-damaging sharp-touch experimental stimuli elicit

noxious-specific responses at the level of the cerebral cortex, and that the infant
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brain differentially encodes painful from non-painful touch from at least the age

of 35 weeks PMA. None of the infants studied in this thesis were under this age.

Using the same 128 mN pinprick stimulus that is used throughout this thesis, a

previous fMRI study established the feasibility of newborn infant fMRI studies using

a nociception paradigm. The same study also observed that the newborn infant

brain response to nociceptive input involves a range of spatially distinct regions

demonstrating functional segregation in the newborn infant brain, and also revealed

that the infant pattern of evoked brain activity is similar to that of adults. The

ability to study infant nociception using fMRI as well as the functional segregation

observed in the newborn infant brain strongly motivate the need for further fMRI

studies on the infant pain system to capitalise on the unique strengths of the fMRI

modality i.e. whole-brain high spatial resolution imaging of brain function. The

topic of MRI is introduced more systematically below (Section 2.4).

2.3 Infant Clinical Pain Assessment

2.3.1 Classifying infant clinical pain assessment tools

In Section 2.1, the IASP definition and Bayesian inference model of pain were

introduced to provide clarity on the concept-of-interest i.e. pain. Due to the

subjective and multidimensional nature of pain, assessment can be challenging in

both adults and infants. “Many people report pain in the absence of tissue damage

or any likely pathophysiological cause [. . . ] If they regard their experience as pain,

and if they report it in the same ways as pain caused by tissue damage, it should

be accepted as pain” (IASP, 2019). This firmly establishes the verbal report as the

gold standard for pain assessment. In adults, gold standard assessment of pain can

be obtained, for example, using pain rating scales (e.g. visual analog scale) or pain

questionnaires (e.g. McGill Pain Questionnaire). However, gold standard does not

mean perfect measure, and several issues with the verbal report exist. First, verbal

report involves introspection, the psychological demands of which will alter the

pain experience to an unknown degree. Second, pain rating scales typically probe a

single dimension of pain, such as the intensity of the sensory experience (e.g. the
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visual analog scale), which does not take into account the intensity of the emotional

experience. However, questionnaires can probe multiple pain dimensions. Third, for

both pain rating scales and questionnaires, standardising intensities across subjects

can be difficult e.g. “rate your pain from none to worst pain imaginable” depends

on the person’s imagination. There are several other flaws in verbal reports such

as the subject being confused (a major issue in elderly subjects with declining

cognitive capacity), or subjects lying (common in children who may exaggerate to

get attention or deny they are in pain to avoid an injection, etc.). This list of verbal

report limitations should not be considered an exhaustive list. In adults, there

have been, and continue to be, many attempts to find alternative pain measures

to use instead of the verbal report for use in challenging populations, such as non-

verbal adults and infants. While great strides have been made towards developing

alternatives (Cowen et al., 2015; Tracey, Woolf, and Andrews, 2019), there have

been many observed disassociations between these alternatives and the verbal report

(reviewed in Gracely, 2013), indicating that, currently, the presence or absence of

pain perception can only be truly confirmed through the imperfect verbal report.

There are also situations in pain research and treatment where a person’s current

“pain experience” is not necessarily the endpoint-of-interest, and in these situations,

the verbal report may thus not be the gold standard measure. For example,

the development of the biopsychomotor model (Section 2.1.2) was motivated by

the imperfect correlation between pain experience and pain-related behaviour:

“treatments targeting pain sensation might not always yield the best outcomes” and

“the behavioral dimensions of pain (eg, disability) may persist despite reductions

in pain, and that disability can be reduced in the absence of reduction in pain”

(Sullivan, 2008). Similarly, clinical trial drug development may wish to focus on

long-term pain reduction and the reduction in chronic-pain-related brain activity,

which may be dissociable from a person’s current pain experience (Wanigasekera

et al., 2018). In situations such as these, the endpoint-of-interest and thus the gold

standard assessment tool might be an objectively quantifiable behavioural or neural

feature, rather than the subjective verbal report of pain perception.
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Much of infant pain research either explicitly or implicitly attempts to identify

and reduce an infant’s pain experience and suffering, making the pain experience

the primary target and the verbal report the desired gold standard. Unfortunately,

it simply is not possible to obtain an unambiguous measure of pain in newborns. All

measures of infant pain are indirect, relying predominantly on pain-related responses

such as behavioural and physiological changes. This introduces immense challenges

into infant pain assessment. Before detailing the issues with infant pain assessment,

a brief outline of a typical approach is provided. Currently, over 30 pain scales have

been develop to assess pain in infants (Lee and Stevens, 2013). As they all suffer

from similar issues, the Premature Infant Pain Profile (PIPP) (Stevens et al., 1996)

including its revised version (PIPP-R) (Stevens et al., 2014) with minor updates, is

selected as an exemplar, as this scale attempts to measure acute somatic nociceptive

pain, is used regularly in the Paediatric Neuroimaging Group, is adopted and well-

regarded internationally, and has been well validated in comparison to other infant

pain scales (Stevens et al., 2010). The PIPP(-R) scale is multidimensional, scoring

behaviours (brow bulge, eye squeeze, and nasolabial furrow), physiology (heart rate

and oxygen saturation), and context (gestational age and behavioural state).

Considering the introduction of definitions and conceptual models of pain

improved clarity and consistency of terminology, it is worth doing the same for pain

assessment approaches. To achieve this, the Food and Drug Administration and

National Institute of Health (FDA-NIH) Biomarkers, EndpointS, and other Tools

(BEST) resource is adopted (FDA-NIH Biomarker Working Group, 2016). The

BEST resource includes a glossary of important definitions used in translational

science and medical product development, the purpose of which is to improve clarity

in communication and remove ambiguities and inconsistencies to help improve

evaluation and interpretation of scientific ideas and evidence. The BEST resource

outlines two major categories of measurement: clinical outcome assessments and

biomarkers. A clinical outcome is “An outcome that describes or reflects how an

individual feels, functions or survives”. Clinical outcomes must undergo assessment:

“The interpretation or the evaluation of the measurement”. “Assessment of a
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clinical outcome can be made through report by a clinician, a patient, a non-

clinician observer or through a performance-based assessment”. There are thus four

categories of clinical outcome assessments: clinician-reported outcome, observer-

reported outcome, patient-reported outcome, and performance outcome. In contrast

to clinical outcome assessments, a biomarker “is not an assessment of how an

individual feels, functions, or survives”. And so, the second category of measurement

is the biomarker: “A defined characteristic that is measured as an indicator of

normal biological processes, pathogenic processes, or responses to an exposure

or intervention, including therapeutic interventions”. In total, there are seven

categories of biomarkers under the BEST resource terminology, but they will not

be listed here. In summary, there are two major categories of outcomes — the

clinical outcome assessments and the biomarkers.

Applying the BEST framework to adult and infant pain assessment approaches,

the adult verbal report is classified as a patient-reported outcome (PRO):

A type of clinical outcome assessment. A measurement based on a report
that comes directly from the patient (i.e., study subject) about the status
of a patient’s health condition without amendment or interpretation
of the patient’s response by a clinician or anyone else. A PRO can be
measured by self-report or by interview provided that the interviewer
records only the patient’s response. Symptoms or other unobservable
concepts known only to the patient can only be measured by PRO
measures (FDA-NIH Biomarker Working Group, 2016).

In contrast, the infant PIPP(-R) scale (and other clinical assessment tools for infant

pain) is classified as an observer-reported outcome (ObsRO):

A type of clinical outcome assessment. A measurement based on a report
of observable signs, events or behaviors related to a patient’s health
condition by someone other than the patient or a health professional.
Generally, ObsROs are reported by a parent, caregiver, or someone who
observes the patient in daily life and are particularly useful for patients
who cannot report for themselves (e.g., infants or individuals who are
cognitively impaired) (FDA-NIH Biomarker Working Group, 2016).

2.3.2 Issues with infant clinical pain assessment tools

One of the major issues with all current infant clinical pain assessment tools is an

under-appreciation for the lack of test validity. Due to variations in definitions
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and frameworks for concepts of validity, the COSMIN Taxonomy of Measurement

Properties (Mokkink et al., 2010; COSMIN, 2019) will be adopted in order to avoid

ambiguity and any lack of clarity. The COSMIN initiative provides international

consensus on terminology and definitions for measurement properties with the view

to improving clarity in communication and reducing confusion and ambiguity when

assessing measurement property concepts. It provides clear definitions regarding

types of validity as well as a series of steps required to achieve validity. Under

this framework, three categories of validity are outlined: content validity, criterion

validity, and construct validity.

Content validity: The degree to which the content of a measurement
instrument is an adequate reflection of the construct to be measured.

Criterion validity: The degree to which the scores of a measurement
instrument are an adequate reflection of a gold standard.

Construct validity: The degree to which the scores of a measurement
instrument are consistent with hypotheses, e.g. with regard to internal
relationships, relationships with scores of other instruments or differences
between relevant groups.

The previous sections’ discussion on the definition and conceptual frameworks

for pain have established that the construct (concept-of-interest) is a subjective,

multidimensional perception, best assessed through verbal report. Given the nature

of infant clinical pain scales and the pre-verbal nature of infants, the establishment

of content and criterion validity for any infant pain assessment tool cannot be

achieved. However, having a clear definition of pain and an understanding of the

conceptual framework in which pain fits will allow the development of hypotheses

that can be tested in infants. Thus, construct validity can indeed be established

for infant pain scales.

Another strength of the COSMIN framework is the clear outline of steps to

establish validity (deVet et al., 2011):

1. Establish a good definition of the construct, preferably embedded in a conceptual

model.
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2. Establish content validity. Considered to be the most important measurement

property, it is the start of the validation process.

3a. Establish criterion validity. If a gold standard exists, this is a powerful form of

validity.

3b. If there is no gold standard, establish construct validity.

It is commonly acknowledged that no gold standard for pain assessment exists in

infants, so claims of criterion validity (step 3a) are generally not made. However,

issues regarding a lack of clarity when defining infant pain and conceptual models

of infant pain (step 1) has resulted in claims of content validity (step 2) being

asserted for the PIPP(-R) scale (Stevens et al., 1996; Stevens et al., 2010; Stevens

et al., 2014) as well as many other infant pain scales (Lee and Stevens, 2013).

This conceptual ambiguity is reflected in the clinical pain assessment tools. The

measurement items constituting the PIPP(-R) scale and others rely on ambiguous

cues such as facial grimacing and heart rate effects, which infants exhibit under

many distressing situations other than pain.

The lack of content validity in infant clinical pain scales causes further confusion

around the distinction between the multidimensional nature of pain and the

multidimensional nature of infant pain scales. Pain includes sensory, emotional,

cognitive, motor dimensions and more. And infant pain scales such as PIPP(-R)

are designed to be multidimensional to increase sensitivity to multiple pain aspects.

Unfortunately, the “pain expression” dimensions captured by infant pain scales are

non-specific pain-related responses that do not guarantee the presence of a pain

experience. The unidimensional or multidimensional nature of infant pain scales that

rely on these pain expressions provide ambiguous non-specific insight into the sensory,

emotional, or cognitive dimensions of pain, with variability in pain scores potentially

being due to differences in perceived stimulus intensity, emotion intensity, salience,

and so on. Thus, all current infant pain scales (unidimensional and multidimensional

alike) provide an ambiguous unidimensional estimate of a potential pain experience.
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Another issue relates to the multiplicity of pathways from nociceptive input to

response outputs, as detailed in Section 2.2.2. The spinothalamic, spinoparabrachial,

spinohypothalamic, and spinomesencephalic pathways allow for the presence of

behavioural responses such as limb withdrawals and facial expression, autonomic

responses such as changes to respiration and the cardiovasculature, and endocrine re-

sponses such as stress hormone release, without thalamocortical circuit involvement,

which is required for pain experience. This issue highlights an important point about

content validity in general. As discussed in deVet et al., 2011 and originally pointed

out in Borsboom, Mellenbergh, and vanHeerden, 2004, “a test is valid for measuring

a construct if and only if (a) the construct exists, and (b) variations in the construct

causally produce variations in measurement outcomes. [. . . ] tables of correlations

between test scores and other measures provide only circumstantial evidence for

validity” (deVet et al., 2011). Without the guarantee that items in infant pain scales

are causally downstream of the pain experience (the way a verbal report of pain is),

further calls into question the ability of these test items to establish content validity.

Due to the lack of content and criterion validity, there is a need to invest in

developing and improving the construct validity of infant clinical pain scales. This

requires the development and testing of hypotheses, which requires a clear and

unambiguous definition of pain embedded in a reasonable conceptual model. Due

to the lack of a gold standard in infant pain assessment, there is also a need to take

a multidimensional approach to infant pain assessment. While behavioural cues

are highly informative, they can be improved upon through optimised combination

with physiological measures, neural measures, and others (Vaart et al., 2019). The

identification of novel indicators of infant pain will also be key to this process.

2.3.3 Summary

In this section, the BEST and COSMIN frameworks were introduced to provide

structure and clarity regarding the nature of infant pain assessment tools and the

degree to which they can be validated. Having previously provided a clear definition

of pain and embedding it in a reasonable conceptual model, it is clear that, using
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the BEST classification system, the verbal report measure of adult pain qualifies as

a patient-reported outcome, while the infant PIPP(-R) pain scale (as well as other

infant clinical pain scales) qualifies as an observer-reported outcome. Additionally,

the verbal report qualifies as a gold standard for assessing pain experience, but no

gold standard exists for infant pain experience assessment. Following the COSMIN

guidelines for establishing test validity, once one defines the infant pain experience

as the construct-of-interest, it follows that no available infant clinical pain scale has

established content or criterion validity. To improve infant pain assessment and

pain relief, adopting optimal definitions and conceptual models of pain, and using

these to formulate and test hypotheses in order to advance construct validity is key.

Finally, the lack of a gold standard indicates that the development of improved

multimodal approaches to infant pain assessment will be of central importance,

with the identification of novel pain correlates being a core requirement.

These points are relevant to the current work for two reasons. First, adopting

clear definitions, models, and frameworks is essential for critical evaluation of the

field of infant pain research, and thus identifying the major gaps in knowledge that

the work of this thesis attempts to narrow. Second, the core aim of this thesis is to

advance our use of MRI in infant pain research to avail of the unique strengths of

the MRI modality, as well as identify novel neural features of infant nociception

that could be used to further the construct validity of infant pain assessment tools.

2.4 Measures of pain-related brain activity

2.4.1 Neural and haemodynamic correlates of neonatal pain

While the test items that constitute infant clinical pain scales are typically limited to

behavioural and physiological measures, research into infant pain has also used more

technologically advanced methods, which provide greater insight into infant pain

processing at the cost of clinical feasibility. To date, it has been electroencephalog-

raphy (EEG) and near-infrared spectroscopy (NIRS) that have dominated research

into the infant’s brain response to pain and nociceptive inputs. EEG and NIRS

are complementary techniques, that can non-invasively detect the brain’s neural
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activity (neurodynamic) response and blood perfusion (haemodynamic) response to

nociceptive input. Using the BEST resource terminology, EEG and NIRS measures

of infant pain constitute potential pain biomarkers. Unlike the observer-reported

outcomes (e.g. PIPP(-R) and other infant clinical pain scales), which attempt to

describe how an infant feels and depend on the subjective interpretation of the

observer, these brain-based biomarkers are objective measures that are indicators

“of normal biological processes, pathogenic processes, or responses to an exposure or

intervention” (FDA-NIH Biomarker Working Group, 2016). However, exactly what

aspect, correlate, or subcategory of pain brain-based measures are biomarkers of

remains the most challenging and controversial question to biomarker identification,

development, and validation.

The first brain-based recording of the neonatal response to pain was performed

using NIRS in 2006 (Bartocci et al., 2006; Slater et al., 2006), demonstrating for

the first time a cortical response to nociceptive input in both term and pre-term

infants. The first EEG study that detected the nociceptive-specific neural activity

likely underlying the NIRS-observed haemodynamic response was subsequently

reported in 2010 (Slater et al., 2010a). Since these landmark studies, there have

been several EEG and NIRS studies revealing mechanistic insight into the newborn

brain’s ability to process nociceptive input. Using these techniques, it has been

revealed that the amplitude of the neonatal brain neurodynamic and haemodynamic

response to nociceptive input increases with age (Slater et al., 2006; Hartley et al.,

2016). NIRS has revealed that the cortical haemodynamic response has a larger

amplitude to noxious input compared to non-noxious input (Verriotis et al., 2016),

however, no noxious-specific haemodynamic response pattern has been reported.

Using EEG, a noxious-specific event-related potential (ERP) can be distinguished

when comparing noxious and non-noxious tactile stimulation (Slater et al., 2010a).

From around 35 weeks PMA onwards, this noxious-specific ERP response (strongest

over the vertex) becomes the dominant noxious-response EEG feature, while non-

noxious-specific neuronal burst activity responses to both noxious and non-noxious

tactile stimulation dominates the EEG prior to 35 weeks PMA. While the current
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inability to distinguish noxious-response from non-noxious-response activities using

EEG recordings certainly does not demonstrate that infants under 35 weeks cannot

distinguish the two modalities, it does mean that by at least 35 weeks PMA, it has

been demonstrated that infants differentially encode these two tactile modalities.

Finally, using the EEG-recorded noxious-specific ERP amplitude, it has been

demonstrated that peri-term-aged neonates are able to intensity encode nociceptive

inputs (Hartley et al., 2015).

While EEG and NIRS are the dominant research modalities for studying infant

brain responses to pain, fMRI is another rarely-used alternative. Similar to NIRS,

fMRI records the brain’s haemodynamic activity. However, while NIRS uses the

different optical properties of oxy- and deoxy-haemoglobin to measure changes

to both oxy- and deoxy-haemoglobin concentration, fMRI relies on the different

magnetic properties of oxy- and deoxy-haemoglobin to measure relative changes to

deoxy-haemoglobin concentrations. FMRI thus provides alternative haemodynamic-

based insight into infant brain processing of pain. There are currently only three

fMRI studies into infant nociception (Williams et al., 2015; Goksan et al., 2015;

Goksan et al., 2018). Different aspects of these studies will be discussed throughout

the thesis, as they become relevant. In brief, the Williams study revealed, in a

similar fashion to EEG (Hartley et al., 2015), that the amplitude of the infant

haemodynamic response reflects intensity encoding of nociceptive input (Williams

et al., 2015). Additionally, this intensity encoding was found in both primary and

secondary somatosensory cortices. The 2015 Goksan study compared the spatial

pattern of haemodynamic response activity between adults and neonates and found

overall similar patterns of activity, with some population differences too (Goksan

et al., 2015). The 2018 Goksan study found that an infant’s trial-to-trial variability

in noxious-response amplitude was related to the prestimulus functional connectivity

of a pain-relevant brain network (Goksan et al., 2018).
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2.4.2 fMRI strengths and weaknesses

FMRI is the central modality used throughout this thesis. There are many strengths

to fMRI that are lacking from other approaches (behaviours, physiology, EEG, and

NIRS) to studying infant pain. There are also many challenges that have prevented

large-scale adoption of fMRI for studying infant pain. In this section, the key

strengths and challenges of using the fMRI technique will be outlined.

An advantage of fMRI (and both EEG and NIRS) over the behavioural and

physiological measures that constitute infant clinical pain scales, is that the data

originate from brain activity. Pain is an unpleasant sensory experience that

emerges from thalamocortical brain networks, the activity of which is measured by

fMRI, EEG, and NIRS. This feature can greatly help with the construct validity

causality issue mentioned in Section 2.3.2. While behavioural and physiological

changes typically associated with pain can be mediated without the involvement of

thalamocortical pathways, the pain-related signals detected by fMRI, EEG, and

NIRS require this circuitry. While the exact causal relationship between these

brain-based measures and pain is not straight-forward to establish, the brain-

based nature of the signals helps overcome many of the ambiguities inherent to

behavioural and physiological measures.

There are three inter-related properties of fMRI that give it significant advantages

over both EEG and NIRS: image reconstruction is a well-posed problem, whole-brain

coverage, and relatively high spatial resolution. First, the fMRI signal (and all MRI

signals in general) is generated by inputting radiofrequency (RF) energy into the

brain tissue to perturb the system, then recording the re-emitted RF signal. This

allows the brain to be actively probed in a highly controlled manner using the MRI

gradients, to acquire hundreds of thousands of k-space points and thus hundreds

of thousands of image space voxels. When converting the recorded MRI signal

to an image (i.e. image reconstruction), there is typically a one-to-one mapping

between recorded signal and voxel signal (in non-accelerated sequences), with the

number of image space voxels determined by the acquisition sequence. Due to this

ability to actively probe the brain using the MRI gradients to collect abundant
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brain-related signal, the image reconstruction process (solving the inverse problem)

is a well-posed problem. Thus, converting the recorded MRI signal to an image

is a relatively straight-forward process, compared to EEG or NIRS. Unlike MRI,

EEG and NIRS do not perturb the system, but simply passively record the signals

emitted by the brain. The amount of spatial signal recorded is thus limited by the

number of sensors (electrodes in EEG, optodes in NIRS), with 25 EEG electrodes

or fewer being typical in infants. In these modalities, the source reconstruction

issue is massively underdetermined, making the ability to project these data onto

a brain surface very challenging. There are several advantages of having brain

signals in source space, including increased biological interpretability (contrast the

interpretation of signal localised to an occipital electrode to signal localised to

primary visual cortex) and increased options for biologically meaningful analysis

(contrast the interpretation of functional connectivity measures of correlating signal

timeseries from left and right temporal electrodes to correlating signal timeseries

from left and right primary auditory cortex).

Second, fMRI is sensitive to brain activity throughout the entire brain. In

contrast, both EEG and NIRS are maximally sensitive to cortical regions that

can be passively detected directly beneath the sensor locations on the scalp, with

minimal sensitivity to deep structures (Hoshi, 2003; Burle et al., 2015; Verriotis

et al., 2016). While high-density (256-electrode) EEG studies have the potential to

record deep brain structures (Seeber et al., 2019), the limitations of infant EEG

(and NIRS) mean sensitivity is limited to the activity of superficial structures. Key

brain regions involved in pain processing, such as the thalamus, amygdala, and

orbitofrontal cortex, are typically not accessible with techniques other than fMRI.

Third, fMRI typically works at the millimetre spatial resolution scale. This is

controlled at the data acquisition stage determined by the degree to which k-space

is sampled, with 2 mm voxels being typically achieved in infant fMRI. While the

spatial resolution of both EEG and NIRS is again a function of the sensor density,

the challenges of working with infants typically limits the spatial resolution of

these methods to the scale of centimetres (Hoshi, 2003; Burle et al., 2015; Verriotis
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et al., 2016). This issue of spatial resolution is more problematic for infants than

adults, because of the relative difference in brain size. For example, a 1 cm3 volume

spans much more brain matter in an infant compared to an adult, which means

that matched absolute spatial resolutions between adults and infants results in

lower effective spatial resolution in infants. Ideally, a recorded signal could be

assigned to a single functional brain region, but poor spatial resolution means

signals from several functional regions will be blurred together making biologically

meaningful interpretations of the data difficult.

There are several aspects of fMRI that make it a challenging modality to use

when studying infant pain. The first challenge of fMRI is shared with NIRS, and

this is the haemodynamic nature of the signal. Typically, the researcher is interested

in the neural activity related to the processing of nociceptive input, and these neural

processes are detectable using EEG. However, fMRI (and NIRS) rely on changes in

cerebral perfusion of brain regions as a result to changing levels of brain activity

i.e. the haemodynamic response. In fMRI, this haemodynamic response causes

the blood oxygen level dependent (BOLD) signal that underlies fMRI, and this

haemodynamic response is linked to the changing neural activity by a process called

neurovascular coupling (Logothetis, 2003; Harris, Reynell, and Attwell, 2011). In

infants, not only is the neural architecture of the brain immature, but so too is

the cerebral vasculature and the neurovascular coupling mechanism, making the

link between infant noxious-related neural and haemodynamic responses potentially

more challenging to interpret (Kozberg et al., 2013; Kozberg and Hillman, 2016).

(This topic is noted here and will be returned to in later chapters as it arises.)

Additionally, the haemodynamic response is relatively sluggish in comparison to the

underlying neural activity. The noxious-specific EEG ERP response to nociceptive

input is over in under a second (Slater et al., 2010a; Hartley et al., 2017), while

the associated haemodynamic response signal only peaks approximately 7 s after

stimulus delivery (Arichi et al., 2012). This sluggishness of the BOLD signal confers

a relatively poor temporal resolution on fMRI. Additionally, infant motion related

to the delivery of a noxious stimulus will have a greater effect on the fMRI BOLD
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signal than the EEG ERP signal, as infants typically exhibit motor responses such

as facial grimacing and crying 1 – 2 s after stimulus delivery. Thus, the EEG ERP

signal can often be collected without motion contamination, while the fMRI BOLD

signal would be dramatically influenced by subject motion.

This motion issue is one practical reason why infant pain is typically not studied

in the MRI environment. The other major issue is related to ethical concerns. It is

typically not possible to safely perform clinically required painful procedures in the

MRI environment, and ethical constraints ensure distress-inducing pain will not be

inflicted on infants for research purposes alone. Thus, it is typically not possible

to study infant pain in the MRI setting for ethical reasons. While it is possible

that an infant may experience an experimental noxious stimulus (such as the 128

mN pinprick) as mildly painful without exhibiting behavioural or physiological

signs of distress, this would not be a convincing or consistent description across

infants, especially for infants who appear to sleep through the process. This inability

to directly apply a painful stimulus when using fMRI to study infant pain is a

major challenge. However, as outlined in Section 2.1.1, nociceptive pain is caused

by nociceptive input, and low-threshold nociceptive input can result in activation

of brain regions involved in processing pain without causing pain or behavioural

distress to the infant. Substituting low-intensity nociception for pain allows the

researcher to study an infant’s cerebral pain system using fMRI, but conclusions

drawn from such fMRI studies will require confirmation with alternative modalities

(behavioural, physiological, EEG, NIRS, etc.) outside the MRI environment, under

situations where directly studying pain is possible.

2.4.3 Summary

In this section, the three main modalities for measuring infant pain-related brain

activity were introduced: EEG, NIRS, and fMRI. To date, EEG and NIRS

are the most common modalities used to study infant pain, and these studies

have established that newborn infants process nociceptive input at the level of

thalamocortical circuits. These methods have also established some basic principles
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of infant pain processing in the brain, such as an age-related increase in noxious-

response activity, the ability to differentiate noxious from non-noxious tactile stimuli

from at least 35 weeks PMA, as well as noxious stimulus intensity encoding. The

much less frequently used fMRI modality has also been successfully used to establish

haemodynamic stimulus intensity encoding as well as qualitative similarities between

infants and adults in the spatial pattern of brain activity in response to nociceptive

input. EEG, NIRS, and fMRI all provide the ability to measure brain activity, which

is important to note considering pain is an emergent property of the brain’s neural

activity, and the test items that constitute clinical pain scales rely on behavioural and

physiological activities that need not involve the thalamocortical circuits necessary

for pain experience. These advantages of brain-based measures and previous EEG,

NIRS, and fMRI findings highlight the importance of advancing the use of these

methods to study infant pain, as well as form an important literature base that

will help interpret the fMRI findings in this thesis.

Three advantages of using fMRI over EEG or NIRS were outlined, including

fMRI’s whole-brain coverage, relatively high spatial resolution, and well-posed

image reconstruction problem. Finally, some drawbacks to using fMRI to study

infant pain were outlined. The fMRI BOLD signal is a sluggish haemodynamic

response with immature coupling to the underlying neural activity. The indirect

nature of the BOLD signal makes interpretation more challenging than neural

signals recorded using EEG. The sluggishness of the BOLD signal results in fMRI

having relatively poor temporal resolution compared to EEG, and relatively high

sensitivity to stimulus-correlated head motion compared to EEG analyses (if these

EEG analyses are limited to the immediate 1 – 2 s post-stimulus period, as is

often the case). Throughout this thesis, attempts will be made to capitalise on

the strengths of fMRI and to overcome or mitigate the weaknesses of fMRI. The

importance of these strengths and weaknesses will be further addressed throughout

the thesis, as they arise.
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2.5 MRI: a brief overview

2.5.1 Introduction

The work in this thesis used two broad categories of MRI modalities: functional

MRI (fMRI) and diffusion MRI (dMRI). FMRI data tracks the changing cerebral

haemodynamics over time, which are driven primarily by fluctuations in the brain’s

neural activity. Thus, fMRI is an MRI modality for studying brain function. These

fluctuations in neural activity can be due to spontaneous brain activity (i.e. not

caused by researcher-specified stimulation or task), or be due to stimulus-response

or task-response activity (i.e. directly caused by researcher-specified stimulation or

task). The former is referred to as resting-state fMRI (rs-fMRI), and the latter as

task fMRI. For this thesis, the “task” was the application of a mild noxious stimulus,

so this type of fMRI data will be referred to as noxious-response fMRI. In contrast,

dMRI data probes how freely water molecules diffuse throughout the brain, which is

driven primarily by microstructural barriers to water diffusion, such as the presence

or absence of cellular membranes, intracellular structures, myelin, and extracellular

matrix. Thus, dMRI is an MRI modality for studying brain structure.

In this thesis, to improve understanding of the infant cerebral haemodynamic

response to nociceptive input, infants’ noxious-response fMRI data were studied

in detail. An MRI-based multimodal approach was adopted, in which the noxious-

response fMRI data were related to both the rs-fMRI and dMRI data.

2.5.2 Principles underpinning functional and diffusion MRI

The following background on MRI physics, covering topics relevant to the work

of thesis, has been summarised primarily from Chappell, Okell, and Jenkinson,

2020 and Huettel, Song, and McCarthy, 2014.

Magnetisation and excitation

In basic terms, MRI uses a large magnetic field to interact with molecules in the

body. The majority of MRI sequences are designed to interact with the hydrogen

nuclei of water molecules, the most abundant molecule in the body. Each water
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molecule can be thought of as a tiny bar magnet with its own magnetic field

pointing in a particular orientation, which can be affected by other sources of

magnetic fields in its environment. The MRI main magnetic field (B0) imposes

a preferential orientation direction on the collection of water molecules in the

brain, parallel to the B0 field. The MRI field strength is measured in units of

tesla (T). The hydrogen nuclei of water molecules precess (rotate) around the axis

of the B0 field with a rotational frequency that is proportional to the total field

strength to which the nuclei are exposed. For the nuclei of hydrogen atoms in

water molecules at 3T, this frequency is approximately 127.7 MHz, which lies in

the radiofrequency (RF) range. The frequency at which these hydrogen nuclei

precess in the magnetic field is their resonant frequency.

To detect the net magnetic signal from the hydrogen nuclei of water, the net

magnetisation needs to be brought out of alignment with the B0 field. This is

accomplished using a second magnetic field, the B1 field or RF field, which will

be called the excitatory RF pulse. This excitatory RF pulse is tuned to vary at

the resonant frequency of the molecules one wants to excite. To impose spatially

varying field strengths across the brain, three gradient fields are added to the B0

field, each imposing a field gradient along the x-, y-, and z-axes. Typically, the brain

is excited in a slice-wise manner along the z-axis. During image reconstruction, the

signal emitted by the excited nuclei can be localised based on precessional frequency.

This is due to the fact that the precessional frequency is directly proportional to

the magnetic field strength, which varies according to space in a manner controlled

by the user through varying the gradient fields.

Relaxation

Immediately after excitation, the component of the net magnetisation that is

parallel to B0 is at its minimum due to being maximally out of alignment with

B0, and the component of the net magnetisation that is perpendicular to B0 is

at its maximum due to the constituent hydrogen nuclei precessing maximally in

phase. Over time, the net magnetisation parallel to B0 increases as the constituent
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hydrogen nuclei realign with B0, returning to the state pre-excitation. This return to

alignment with B0 is called T1 relaxation and is quantified using the T1 relaxation

time constant. Similarly, over time, the net magnetisation perpendicular to B0

decreases to zero as the constituent hydrogen nuclei dephase, returning to the

state pre-excitation. This dephasing is called T2* relaxation and is quantified

using the T2* relaxation time constant.

Both fMRI and dMRI contrast rely on relaxation due to dephasing, so further

detail is given on this process. The T2* relaxation process can be broken down into

two broad categories of causes. First, dephasing occurs due to random Brownian

motion of molecules in the brain. A hydrogen nucleus precesses at a frequency

determined by the field strength of its environment. In addition to the B0 and

gradient fields, other molecules in the brain have their own magnetic field that

contributes to a hydrogen nucleus’s environment. The random molecular motion

causes unpredictable non-static field inhomogeneities resulting in dephasing. Second,

dephasing occurs due to relatively static sources of field inhomogeneities, such as

deoxyhaemoglobin in blood vessels (important for fMRI image contrast, discussed

more below) and air filled sinuses in the skull (relevant to signal loss called dropout).

Dephasing due to random molecular interactions alone is called T2 relaxation,

dephasing due to relatively static effects alone is called T2′ relaxation, and the

combination of both is called T2*.

It is worth noting that, due to the relatively static nature of the causes of T2′,

these dephasing effects can be mitigated using a second RF pulse. After the first

excitatory RF pulse, another “refocusing” RF pulse can be used to flip the net

magnetisation, which can bring the precessing hydrogen nuclei temporarily back

into phase, undoing the T2′ dephasing effects only. MRI sequences that use a single

excitatory RF pulse prior to readout (described below) are called Gradient Recalled

echo (GRE) acquisitions, while those that follow the excitatory RF pulse with a

refocusing RF pulse are called Spin Echo (SE) acquisitions.
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Nature and acquisition of fMRI and dMRI data

The basis for the fMRI and dMRI signal differ in their dependency on dephasing

effects (T2* vs T2) and thus the acquisition type used (GRE vs SE). FMRI depends

on the T2′ effect caused by deoxyhaemoglobin in blood vessels, and consequently

fMRI is T2*-dependent and uses a GRE acquisition. Oxyhaemoglobin and de-

oxyhaemoglobin have different magnetic properties, such that deoxyhaemoglobin

is disruptive of the magnetic field in a way that oxyhaemoglobin is not. Deoxy-

haemoglobin causes local field inhomogeneities and the resultant dephasing results

in signal loss. This is called the Blood Oxygen Level Dependent (BOLD) effect.

In adults, an increase in neuronal activity typically results in an overabundance

of blood flow increase to the active region, resulting in a relative decrease in

deoxyhaemoglobin, and a reduction in dephasing. Thus, increases in brain activity

typically result in an increase in the BOLD signal.

DMRI depends on the T2 effect caused by random molecular motion, and

consequently dMRI is T2-dependent and uses a SE acquisition to remove unwanted

T2′ effects. The dMRI acquisition requires additional diffusion weighting gradients,

one before and one after the refocusing RF pulse, that enhance the dephasing

effect along a given diffusion weighting gradient direction. However, due to the

refocusing RF pulse, the second diffusion weighting gradient undoes the enhanced

dephasing of the first diffusion weighting gradient as long as the molecules have

not moved. Molecules that do move along the direction of the diffusion weighting

gradient are not refocused, and those that remain static are. Using this acquisition,

water molecules that do not move along the diffusion weighting gradients exhibit

dephasing due to T2 (i.e. interactions with surrounding molecules that are diffusing),

while those that do diffuse along the diffusion weighting gradients exhibit dephasing

due to both T2 (i.e. interactions with surrounding molecules that are diffusing)

and diffusion (i.e. diffusion of the water molecule in question itself). The degree

of diffusion is thus encoded in the degree of signal loss.
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Readout

After exciting a slice of the brain along the z-axis, signal from the xy-plane is

detected by the head coil, a process called readout. The MRI signal from the entire

xy-plane is recorded simultaneously. Within each slice, the active manipulation

of the xy gradients allows the user to impose patterns of spatial frequencies. The

spatial frequency data can then be used to construct an image using the Fourier

Transform. Low spatial frequencies encode broad image outlines, while high spatial

frequencies encode rapidly changing spatial details such as edges.

A 2-dimensional coordinate system of spatial frequencies, or frequency space

(k-space), is sampled during readout. For both functional and diffusion imaging,

the most commonly used readout approach is Echo Planar Imaging (EPI). EPI

captures all the data of a single slice in a single readout (single shot EPI), which

means both the x and y gradient fields are used during readout to cover all of the

pre-specified k-space. In EPI, the direction along which the gradient field is varying

more slowly, and thus has a lower average bandwidth, is called the phase encoding

direction; conversely, the more rapidly varying, higher bandwidth gradient defines

the direction called the frequency encoding direction.

Acceleration

As mentioned in section 2.4.2, MRI is rich in spatial information. There can be as

many data points collected (in k-space) during readout that are required for the

final image (in image space), making the image reconstruction issue well defined.

There is also extra spatial information encoded in the head coil. The different head

coil channels are distributed around the head, which results in channels being more

sensitive to signals coming from closer brain regions than regions at a distance.

This additional head coil spatial information allows us to acquire signal from the

brain in an accelerated fashion that would typically result in spatial ambiguity

when reconstructing the imaging. The spatial ambiguity can be resolved using the

head coil information, and the accelerated data acquisition can be used to attain

higher spatial and/or temporal resolutions. Two broad approaches to acceleration
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include in-plane acceleration and multislice (or multiband) acceleration. In-plane

acceleration involves acquiring a particular slice more quickly by acquiring less of k-

space, while multiband acceleration involves acquiring multiple slices simultaneously.

2.5.3 Artefacts and data clean-up for fMRI and dMRI
Head motion and distortion

Two of the largest sources of fMRI and dMRI data contamination that are relevant

for the work in this thesis are subject head motion and geometric distortion. Head

motion results in changes in location of the brain within the imaging field of view,

which manifests in several ways in the data (detailed below). Distortion is due

to field inhomogeneities in the net magnetic field (B0 plus gradient fields). These

inhomogeneities mean a particular brain region will be experiencing a magnetic

field stronger or weaker than expected, will thus be precessing at a faster or

slower speed than expected, and will consequently be mislocalise during image

reconstruction because localisation of the MRI signal is based on resonance frequency.

Distortion means images are not anatomically faithful, and there are several causes

of these field inhomogeneities.

For both fMRI and dMRI data, the entire brain is scanned in a slice-wise manner,

with all brain slices constituting a volume. If the subject moves their head, each

subsequent volume will be out of alignment. Thus for a given point in an image,

signal at that point will come from different brain regions from volume to volume.

This will be called volume misalignment. If a subject moves during the collection

of the slices of a volume, then subsets of slices within a volume will also be out

of alignment. This will be called slice misalignment. In addition to misalignment,

head motion can result in slice hyper- and hypo-intensities due to spin history

effects. In brief, the signal intensity emitted by a brain region depends on the time

between excitations. When the subject is still, this delay between excitations is

constant for all brain regions. However, when the subject moves, brain regions

can move to spatial locations that are either excited earlier or later than desired

which leads to intensity variance within the volume. Head motion-induced volume
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misalignment, slice misalignment, and spin history effects affect both fMRI and

dMRI data. One other effect worth mentioning is slice hypointensities in dMRI

data due to motion-induced signal dropout. This occurs if the subject moves during

diffusion encoding, as the diffusion encoding gradients are designed to generate

signal loss for non-static water molecules.

Comparing healthy adults to healthy infants, some of these motion-related

artefacts are worse for infants. The degree of slice misalignment is approximately

proportional to the rate of change of head motion (Andersson et al., 2017). In

general, infants perform more sudden and jerky head motions in the scanner, and

this higher rate of change of head motion can cause substantial slice misalignment

(for examples, see Bastiani et al., 2019, Fitzgibbon et al., 2019, and Baxter et al.,

2019). If we hypothetically matched an adult and infant for head motion profiles, the

spin history effects in infants would also be more substantial. This is a consequence

of the longer relaxation times for infant brain tissue due to the higher water content,

and the dependency of spin history effects on relaxation time constants.

The two most relevant causes of distortion are susceptibility-induced distortion

and eddy current-induced distortion. Susceptibility-induced distortion affects both

fMRI and dMRI data, and is due to B0 inhomogeneities cause by the subject

themselves. The 3T B0 field is relatively homogeneous until an object is placed in

the bore. Once in the bore, the subject is magnetised, and the degree of subject-

induced inhomogeneity depends on the exact geometrical properties of the subject.

However in general, regions where brain tissue and air are particularly proximal,

such as the skull’s sinuses and ear canals, are the most strongly distorted. Using

an EPI readout, susceptibility-induced distortion occur along the phase encoding

direction. As mentioned previously, the frequency encoding direction has high

bandwidth so the relative effect of susceptibility-induced off resonance within this

high gradient direction is negligible, while in contrast, the phase encoding direction

has low bandwidth so the relative effect of susceptibility-induced off resonance

within this low gradient direction can be quite substantial. As long as the subject

remains static, the susceptibility-induced distortions are also static. However, when
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the subject moves, there is an interaction between subject susceptibility and head

motion, termed susceptibility-by-movement distortions. Specifically, susceptibility-

by-movement distortions occur when the head is rotated around an axis other than

that of the B0 field i.e. rotations around the x- and y-axes cause this artefact. Finally,

eddy current-induced distortions affects dMRI data only (the effects are negligible

in fMRI data). The diffusion weighting gradients are gradient intensive, with strong

gradients being rapidly ramped up and down. These changing gradients induce

eddy currents in the scanner hardware creating magnetic fields that counteract

the gradients, preventing them from changing as rapidly as desired. The decay

of eddy currents typically persist into the EPI readout period causing additional

eddy current magnetic field-related inhomogeneities.

Again, comparing healthy adults to healthy infants, susceptibility-by-movement

distortion artefacts are typically worse for infants. The degree of susceptibility-

by-movement distortion is proportional to the amount of head motion rotation

around the x- and y-axes (Andersson et al., 2018). In addition to infant head

motions typically being more sudden than in adults, infants typically have an

overall larger average degree of head motion. This higher degree of head motion

(rotations around x- and y-axes as well as other rotations and translations) means

susceptibility-by-movement distortion effect is more problematic in infants (for

examples, see Fitzgibbon et al., 2019, and Baxter et al., 2019).

EDDY and FIX

Due to the larger influence of slice misalignment, spin history effects, and susceptibility-

by-movement distortion in infant populations, these artefacts should not be ignored

during fMRI and dMRI data preprocessing if possible. This means simple rigid

body data realignment approaches are not sufficient, as they will not account for

local mislocalisation of signal. Two preprocessing tools that address these artefacts,

EDDY and FIX, will now be described.

EDDY is a motion and distortion correction tool initially developed for diffusion

data and recently expanded for use in fMRI data (Andersson and Sotiropoulos,
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2015; Andersson and Sotiropoulos, 2016; Andersson et al., 2016; Andersson et al.,

2017; Andersson et al., 2018; Fitzgibbon et al., 2019). Before introducing EDDY, it

is important to note that EDDY takes as an input a fieldmap image. In this thesis,

we collect a separate fieldmap acquisition which is essentially a static snapshot

of the actual magnetic field including all static inhomogeneities. EDDY uses this

fieldmap to correct for susceptibility-induced distortions. EDDY uses a generative

prediction model to simultaneously perform both motion and distortion correction.

As used in this thesis for dMRI data preprocessing, EDDY corrects for six artefact

effects: volume misalignment, slice misalignment, slice dropout, susceptibility-

induced distortion, susceptibility-by-movement distortion, and eddy current-induced

distortion. For dMRI data, predictions are generated using a weighted mean of all

volumes. For a particular volume with a given diffusion encoding direction, the

largest weights are given to volumes with diffusion encoding gradient directions most

similar to the volume in question. This is because the diffusion weighted contrast

will be most similar to volumes with closely matched diffusion encoding directions,

but averaging over volumes with both close to parallel and anti-parallel directions

(as diffusion contrast should be identical for +x and -x directions) should average

out eddy current-induced distortions resulting in a less distorted prediction than the

volume in question. The volume in question is nudged closer towards the prediction

on each iteration by more accurately modelling the sources of signal corruption

i.e. motion, both susceptibility-induced and eddy current-induced distortions, and

outlier slices due to bulk motion-induced slice dropout. Due to better modelling of

these generative processes, correction of each volume improves with each iteration

leading to better volume-wise prediction models toward which each volume is nudged.

In summary, EDDY simultaneously performs both motion and distortion correction

in an integrated manner using an iterative generative model approach.

As used in this thesis for fMRI data preprocessing, EDDY corrects for four

artefact effects: volume misalignment, slice misalignment, susceptibility-induced

distortion, and susceptibility-by-movement distortion. For fMRI data, predictions

are generated using the unweighted temporal mean of all volumes. Weighting is
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only required for dMRI data due to the dramatic changes between volumes in

tissue contrast as the diffusion encoding direction changes. Eddy current-induced

distortions are not modelled, because these are negligible in fMRI data due to

the absence of the diffusion encoding gradients. Outlier slices due to bulk motion-

induced dropout are also currently not identified and replaced, but are dealt with

at a later preprocessing stage using the FIX tool (see below). Apart from these

differences, correction for bulk head motion (volume and slice misalignment) and

susceptibility-induced distortion (both static and susceptibility-by-movement) occurs

in a similar iterative generative model approach as described above, essentially

treating each fMRI volume as a diffusion B0 volume i.e. a spin echo volume

with no diffusion encoding.

In fMRI data preprocessing, the post-EDDY residual effects of motion and dis-

tortion can be further dramatically reduced using the denoising tool FIX (FMRIB’s

ICA-based Xnoiseifier). FIX is a denoising tool that can remove variance related

to many unwanted structured sources, and is used to clean-up fMRI data after

motion and distortion correction (Salimi-Khorshidi et al., 2014; Griffanti et al., 2014;

Griffanti et al., 2017). FIX denoising consists of five steps: spatial independent

component analysis (ICA), feature extraction, classifier training, application of

classifier to new datasets, and denoising i.e. removal of noise components from

the data. ICA is a type of blind source separation technique, which decomposes a

multivariate signal into its component signals in an unsupervised manner. Thus, the

first step of FIX denoising involves unmixing the fMRI data into a linear combination

of components. Each component consists of a timeseries and a spatial map outlining

the spatially varying timeseries amplitudes. Due to the use of spatial ICA, it is

the spatial maps that are spatially independent. The fMRI spatiotemporal signal

is a mixture of BOLD-related variance and both motion- and distortion-related

variance, and spatial ICA (as implemented in FIX) can separate these different

contributing sources. The fMRI signal is also composed of other structured signals

such as cardiovascular and image acquisition artefact signals, which can feature

as independent components, as well as unstructured signal such as thermal noise.
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This unstructured signal (and lower SNR structured signal) does not feature as

independent components due to a principle component analysis (PCA) step prior to

ICA that selects a subset of the data for ICA analysis. Once the data are unmixed

into independent sources of structured signal, FIX performs feature extraction. FIX

extracts 178 features across both temporal and spatial domains. The independent

components must be manually labelled as either signal or noise in order for the

FIX classifier (an ensemble machine learning classifier i.e. a classifier that combine

multiple classifiers) to be trained. After training using the spatial/temporal features

and manual signal/noise labels, the FIX classifier can be applied to new data

that are reasonably matched to the training set. Finally, FIX cleans the data

by removing the noise component timeseries from the fMRI data using multiple

regression. The regression residuals are the cleaned data.

Relevant to the previous discussion of head motion and distortion corrections

in EDDY, FIX denoising can dramatically reduce the residual influence of volume

and slice misalignment caused by head motion, slice hyper- and hypo-intensities

due to spin history effects caused by head motion, and susceptibility-by-movement

distortions caused by the interaction between head motion and susceptibility-induced

distortion. As will be expanded upon in Chapter 3, FIX denoising can also help

remove noise variance from fMRI data due to a range of other sources, such as

subject physiology and MRI artefacts.

The use of EDDY in dMRI data preprocessing and the combined use of EDDY

followed by FIX in fMRI data preprocessing should dramatically improve the infant

MRI data clean-up process. Classical motion and distortion correction approaches

that sequentially perform rigid body motion correction followed by static distortion

correction ignore slice misalignment and susceptibility-by-movement effects. And

omitting FIX denoising from fMRI data preprocessing does not remove the abundant

residual motion, distortion, and spin history effects. Due to the high degree of

motion contamination coupled with the unique high water content brain composition,

infant fMRI and dMRI data require advanced data clean-up methods in order to

allow meaningful outputs from subsequent analysis methods.
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2.5.4 Data analysis approaches

A brief outline of the analysis methods that were adopted in this thesis, as well as

common analysis alternatives, are provided in this section. The outline aims to

help contextualise the specific methodology employed in subsequent chapters.

Noxious-response fMRI

For the noxious-response fMRI data, the stimulus was a sharp touch pinprick

applied to the infant’s foot. The sharp nature of the stimulus is known to activate

Aδ-fibres, but the stimulus used was of low-enough intensity (128 mN) to not

cause clinical concern or behavioural distress (Hartley et al., 2015). The delivery

of a sharp touch pinprick to the infant’s foot was designed to mimic the clinical

heel lance blood test procedure (Courtois et al., 2016). In task fMRI, there are

two main experimental designs: block and event-related. In a block design, the

stimulus (or task) is continuously applied for a multi-second block typically followed

by a “rest” block with no stimulus, and these on-off blocks are repeated. In an

event-related design, the stimulus is applied as multiple short individual trials.

Block designs are inappropriate for experimental study of neonatal nociception in

the MRI environment, so an event-related design with 1 s stimulus application

trials was used (Goksan et al., 2015; Goksan et al., 2018).

The most widely adopted statistical analysis approach to study cerebral haemo-

dynamic task and stimulus responses is to generate a predicted BOLD timeseries

by convolving the stimulus-application timeseries with a haemodynamic response

function (HRF). This predicted BOLD timeseries is then fitted to each voxel’s fMRI

recorded timeseries independently using a general linear model (GLM) approach

(Monti, 2011). The GLM regression parameter is the predicted BOLD timeseries

scaling factor, and is thus a measure of the haemodynamic response amplitude

measured relative to baseline. This GLM approach generates a voxelwise map

of regression parameters i.e. a haemodynamic response amplitude map. These

response amplitudes can be assessed at several spatial scales, from individual

voxels, to region-of-interest (ROI) and whole-brain measures. In general, this GLM
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approach is very flexible facilitating a wide range of analysis questions, and is

not limited to generating a simple amplitude map relative to baseline. However,

the infant nociception paradigm used throughout this thesis involved a 10-trial

event-related design with a single stimulus intensity (128 mN pinprick), so assessing

response amplitude relative to baseline was the central noxious-response fMRI

data analysis methodology.

Other than localised measures of amplitudes, measures of statistical association

between brain regions are also possible for noxious-response fMRI data. Using a

simple Pearson correlation coefficient to quantify the association between two brain

regions’ timeseries is a type of functional connectivity measure. Psychophysiological

interaction (PPI) analysis is a type of functional connectivity analysis that can

be used with noxious-response fMRI data (Friston et al., 1997), as an alternative

to amplitude analysis. PPI and other functional connectivity analyses typically

require the pre-specification of specific brain ROIs. Functional connectivity analysis

is a valuable analysis alternative, but measures of functional connectivity were

not assessed throughout this thesis. In chapter 3, both voxelwise and ROI-wise

measures of response size were assessed; while in chapter 4, both voxelwise and

whole-brain measures of response size were assessed.

Resting-state fMRI

Similar to noxious-response fMRI, rs-fMRI tracks the brain’s functional haemody-

namics. However, unlike noxious-response fMRI, the researcher does not apply any

stimulus to the subject or request the subject to perform an explicit task. In adults,

the resting-state is a behavioural state where the subject typically lies with eyes

open, looking at a fixation cross, and remains awake; although, variations exist such

as no fixation cross, or eyes closed. In infants, the ability to control behaviour and

wakefulness is limited. Infants are typically fed, swaddled, and made comfortable in

the scanner (identical to noxious-response fMRI setup). During the rs-fMRI run,

the infant would ideally remain quietly asleep or quietly awake. Due to the lack of

experimenter control over the subject’s brain activity (in both adults and infants),
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resting-state brain activity is typically described as spontaneous or unconstrained.

The spontaneous fluctuations in cerebral haemodynamics typically occur in spatially

regular patterns that closely match brain networks engaged in explicit stimulus or

task processing (Smith et al., 2009). These spontaneous patterns of brain activity

are called resting-state networks, and were first identified in adult fMRI in 1995

(Biswal et al., 1995). Similar resting-state networks were later identified in newborns

in 2007 (Fransson et al., 2007). Resting-state networks have stereotypical spatial

and temporal properties: they are haemodynamic fluctuations localised to grey

matter, the timeseries of these networks slowly oscillate, and the frequency spectrum

of these timeseries typically has the vast majority of spectral power (>90%) lying

between 0.01 and 0.1 Hz (Niazy et al., 2015).

There are several methods for the identification of resting-state networks. Unlike

task fMRI, there is no predicted BOLD response timeseries, so timeseries must

typically be derived from the data. While ROI-based analyses, also known as

seed-based correlation analyses (SCA), are quite common, the use of independent

component analysis (ICA) is one of the most popular methods for resting-state

network identification (Beckmann and Smith, 2004). The SCA-derived or ICA-

derived timeseries for network identification can be considered analogous to the

predicted BOLD timeseries of noxious-response fMRI analysis, only that the resting-

state timeseries is data-derived. Similar to noxious-response fMRI analysis, the

resting-state SCA- or ICA-derived timeseries can be fit in a whole-brain voxelwise

manner using a GLM approach to generate a network map. Analogous to the

noxious-response PPI analysis, these resting-state approaches to deriving network

maps allow the assessment of functional connectivity, with Dual Regression being

a specific example of this mapping approach to functional connectivity analysis

(Beckmann et al., 2009; Nickerson et al., 2017). Alternatively, a collection of

SCA- or ICA-derived timeseries can be used to generate a matrix of correlation

coefficients, commonly referred to as a connectivity matrix or network matrix. These

connectivity matrices are one of the most common rs-fMRI analysis approaches

to studying functional connectivity (Smith et al., 2011).
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Amplitude measures can be extracted from resting-state data, for example,

by quantifying the amplitude of the SCA- or ICA-derived timeseries. Similar to

the noxious-response fMRI analysis, the rs-fMRI analyses used throughout this

thesis focused primarily on measures of activity amplitude rather than measures of

functional connectivity. Three points motivate this methodological decision. First,

there is a strong dependency of functional connectivity measures on signal amplitude,

underscoring the primacy of amplitude (Cole et al., 2016; Duff et al., 2018; Friston,

2011), yet amplitude effects are currently under-explored in infant fMRI studies.

Second, there is now increased recognition of the functional importance of fMRI

activity amplitude (Bijsterbosch et al., 2017; Duff et al., 2008; Mennes et al., 2013;

Xu et al., 2014; Zou et al., 2013), with resting-state activity amplitudes shown to

associate with task activity in adults (Mennes et al., 2010; Mennes et al., 2011),

a property of central importance in Chapter 4. Third, the challenges of studying

infant pain with MRI typically constrains study sample sizes to modest numbers

(n < 20) (Williams et al., 2015; Goksan et al., 2015; Goksan et al., 2018), so

studies attempting to identify novel indicators of infant pain and nociception should

avoid issues due to combinatorial explosion (N networks produce NC2 functional

connectivity measures, but only N amplitude measures).

White matter dMRI

While the noxious-response fMRI and rs-fMRI modalities probe infants’ brain

function, dMRI is a modality for analysing primarily white matter microstructure.

There are several dMRI models that can be adopted, and the available options

can be limited by the nature of the data. The dMRI data used in this thesis was

multishell with 140 directions, meaning most common dMRI models were applicable.

The most commonly used dMRI model is the diffusion tensor imaging (DTI) model,

which is typically used to quantify diffusivity-based model parameters. The two

most commonly studied diffusivity-based DTI parameters are mean diffusivity

(MD) which quantifies the overall degree to which water can freely diffuse in a

voxel, and fractional anisotropy (FA) which quantifies the directional variability
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of this diffusivity. However, the DTI model assumes Gaussian water diffusion,

which typically is not the case in grey and white matter. The more recently

described diffusion kurtosis imaging (DKI) model (Jensen et al., 2005; Jensen and

Helpern, 2010) expands the DTI model to account for non-Gaussian diffusion, thus

more accurately describing the diffusion environment. Without the assumption of

Gaussian diffusion, the DKI model is able to quantify diffusional kurtosis, which

is a measure of heterogeneity in the diffusional environment. Analogously to

MD quantifying diffusivity across all diffusion directions, the mean kurtosis (MK)

parameter quantifies the heterogeneity in diffusivities averaged across all diffusion

directions. For each infant, a whole brain map of these different diffusion parameter

estimates can be generated. Whole-brain voxelwise comparisons of local white

matter diffusion properties such as MD, FA, or MK, can be assessed using a GLM

analysis approach (Smith, Kindlmann, and Jbabdi, 2014).

The DTI and DKI models’ parameter maps estimate local diffusion properties

independently at each brain voxel. Alternatively, measures of white matter con-

nectivity strength between two grey matter regions could be assessed. Thus, fMRI

data (both resting-state and noxious-response) can be used to measure functional

connectivity, and dMRI data can be used to measure structural connectivity.

There exist many available methods for quantifying structural connectivity from

dMRI data using tractography analysis (Behrens, Sotiropoulos, and Jbabdi, 2014).

Deterministic tractography using DTI or DKI parameter maps is limited due to

inability of these models to capture uncertainty in diffusion direction estimation.

Using probabilistic tractography models, such as FSL’s ball-and-stick models

(Behrens et al., 2003; Behrens et al., 2007), more accurate measures of structural

connectivity strength are possible. Similar to functional connectivity analyses that

required the extraction of ROI or network timeseries by specifying specific brain

regions or networks, structural connectivity analyses also typically require the

specification of ROIs.

As will be outlined in Chapter 4, a whole-brain analysis of local white matter

microstructural properties was a suitable choice for this thesis, negating the need to
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specify or define specific ROIs or limit analysis to subregions of the brain. Due to

the multishell nature of the data, the DKI model, which accounts for non-Gaussian

water diffusion, was selected over the DTI model. Finally, the primary DKI measure

selected for whole-brain voxelwise structural analysis was MK. The rationale for

selecting MK is outlined in detail in Chapter 4.

2.5.5 Summary

In this section, three broad topic of MRI that are relevant to the work in this

thesis were introduced: principles of fMRI and dMRI imaging, artefacts and

data clean-up for fMRI and dMRI data, and common analysis methodologies

for fMRI and dMRI data.

Both the fMRI and dMRI data used in this thesis were acquired with a B0

field of 3T, the excitatory RF pulse was used to excite hydrogen nuclei of water

molecules, the gradient fields were used to sequentially excite slices of the brain

along the z-axis, the readout approach used was EPI, and the y-axis gradient field

direction (which runs along the Anterior-Posterior, or AP, direction) was the phase

encoding direction. The fMRI data were acquired using GRE, which included an

excitatory RF pulse prior to readout, and using multiband acceleration acquiring

four slices simultaneously i.e. MB4. The dMRI data were acquired using SE, which

included both excitatory and refocusing RF pulses as well as diffusion encoding

gradients prior to readout. The dMRI readout also included multiband acceleration

acquiring three slices simultaneously i.e. MB3.

Head motion and distortion are major sources of data contamination for both

fMRI and dMRI data. These effects manifest in the data in several forms. Head

motion can result in both volume and slice misalignments as well as slice hyper- and

hypo-intensities. Distortion means the data are not anatomically faithful, and results

from intrinsic magnetisation of the structure being imaged (susceptibility-induced),

eddy currents induced within the MRI hardware itself (eddy current-induced),

and interactions between subject motion and the magnetic field (susceptibility-

by-movement). These motion and distortion effects are amplified in infants due
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to increased average motion, more rapid and sudden motion, and longer tissue

relaxation times due to higher brain water content. These challenges in the infant

population require sophisticated approaches to data clean-up. The tools EDDY and

FIX were introduced due to their central role in dMRI and fMRI data preprocessing

throughout this thesis, and the substantial improvements in data quality they allow

us to achieve even with heavily contaminated data.

Finally, the three MRI modalities used throughout this thesis were outlined:

noxious-response fMRI, resting-state fMRI, and white matter dMRI. A description

of the sharp touch noxious stimulus was provided, and the rationale for its use as a

low-intensity non-skin-breaking substitute for the clinical heel lance procedure was

given. Next, an overview of the brain properties being probed by each MRI modality

was described, as well as a general description of common analysis approaches. In

both noxious-response fMRI and rs-fMRI, measures of activity amplitude and

functional connectivity can be extracted; and in white matter dMRI, measures

of local diffusion properties and structural connectivity can be extracted. In this

section, it was briefly motivated why measures of activity amplitudes were the

primary focus of both the noxious-response fMRI and rs-fMRI data analyses, while

local measures of diffusion properties were the primary focus of the white matter

dMRI data analyses. The rationale for these choices will be further expanded

upon in the relevant chapters, as they arise.



3
Optimising fMRI data analysis for

the infant haemodynamic
response to nociceptive input

3.1 Introduction

As was outlined in chapter 1, a major aim of this thesis is to further our understanding

of the neurophysiological basis for individual variability in newborn infants’ cerebral

haemodynamic responses to nociceptive input. A major obstacle to achieving this

goal is the lack of optimisation in the earliest fMRI data analysis stages, including

data preprocessing and noxious-response signal modelling. Relevant to infant

fMRI data analysis, some major differences between newborn infants and adults

include the reduced size and degree of gyrification of the infant brain, the infant’s

immature haemodynamic response to neural activity, fundamental differences in

brain tissue composition, and physiological and motor outputs. Despite these adult-

infant differences, infant fMRI studies often rely on analysis tools that have been

developed and optimised for the adult brain. The lack of data analysis optimisations

for this challenging infant nociception fMRI paradigm prevents the achievement

of data quality high enough to meaningfully assess infant brain activity at the

individual level. The goal of the current chapter is thus to outline a data analysis

pipeline optimised for the infant nociception fMRI paradigm.

A major obstacle to high quality infant fMRI data is subject motion. The high

degree of infant motion during MRI scans, especially in noxious-response fMRI

55
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experimental paradigms, results in data that is heavily contaminated with motion-

related artefacts. Due to the significant impact motion has on MRI data quality

(Power et al., 2012; Reuter et al., 2015; Satterthwaite et al., 2012; Siegel et al.,

2017; Yendiki et al., 2014), removal of these motion-related signals is necessary.

However, simply using data censoring and rejection based on recommendations

from the adult literature leads to high levels of data loss. Applying spike regression

and scrubbing to resting-state fMRI data to remove volumes with motion greater

than 0.25 mm (Satterthwaite et al., 2013) and not including data with less than 4

minutes of continuous uncorrupted data (Power et al., 2014; Satterthwaite et al.,

2013; Parkes et al., 2018), data loss of over 95% has been reported (Fitzgibbon et al.,

2019). Considering how challenging infant MRI data are to acquire, improvements

to dealing with motion in fMRI data are required. Advanced motion and distortion

correction methods were tested in this study, as well as the value of incorporating and

training a semi-automated spatial ICA-based denoising classifier (Salimi-Khorshidi

et al., 2014), which, at the time of publishing this study, had only been successfully

trained in one infant resting-state fMRI study (Ball et al., 2016).

In addition to motion, the rapidly changing brain size, gyrification, and tissue

contrast (Paus et al., 2001; Dubois et al., 2014; Dubois and Dehaene-Lambertz,

2015), make the alignment of individual infant’s MRI data for group analysis

challenging. While neonatal structural template maps have been developed (Shi

et al., 2011; Shi et al., 2018; Makropoulos et al., 2016; Schuh et al., 2018) and

non-linear spatial normalisation tools have been adapted for use with infant data

(Goksan et al., 2015), an optimised registration pipeline for infant functional data

has yet to be developed and tested.

Spatial filtering is often performed to improve SNR by removing high frequency

noise and reducing the effect of post-spatial normalisation misalignment (Lowe

and Sorenson, 1997). Unfortunately, many infant fMRI studies, and most adult

fMRI studies (over 80%), use spatial filtering kernels equal to or greater than 5 mm

FWHM, which appears to be primarily due to the default settings of the two major

MRI software packages (FSL’s default is 5 mm FWHM, and SPM’s default is 8
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mm FWHM) (Carp, 2012). Given the small volume of the infant brain, a 5 mm

kernel is likely too large; yet, some spatial filtering may be beneficial in datasets of

modest sample size, assuming it is appropriate for subsequent analysis purposes.

As such, the effect of spatial filtering was assessed.

Finally, the cerebral haemodynamic response to neuronal activation, the source of

the fMRI BOLD signal, is fundamentally different between adults and infants. The

immaturity of the neuronal tissue, the cerebral vasculature, and the neurovascular

coupling mechanism results in an immature haemodynamic response (Harris, Reynell,

and Attwell, 2011), which gradually changes morphology throughout development

until adulthood (Kozberg et al., 2013; Kozberg and Hillman, 2016). A previous study

(Arichi et al., 2012) into the neonatal BOLD response identified a bimodal double

gamma response function for term neonates. While the canonical adult double

gamma HRF (as implemented in the FSL software package) has a latency to peak

of 5.5 s and an overshoot-to-undershoot ratio of 11:1 (Glover, 1999), the term-age

newborn infant double gamma HRF has a latency to peak of 7 s and an overshoot-to-

undershoot ratio of 1:1 (Arichi et al., 2012). However, to date, no independent study

has compared the quality of fit of different HRF parameterisations based on the

study by Arichi and colleagues, and so, HRF modelling was assessed in this study.

In total, five key stages of infant fMRI data analysis were tested in this study:

motion and distortion correction, spatial normalisation, FIX denoising, spatial

filtering, and HRF modelling. To assess the motion and distortion correction and

spatial normalisation stages, equivalent outputs from two pipelines were compared.

The first pipeline was based on FSL’s FEAT (Jenkinson et al., 2002), an adult-

optimised pipeline that has been adapted for use in infant data and used in

previous published studies (Goksan et al., 2015; Goksan et al., 2018). These

outputs were directly compared to the equivalent outputs from the infant-specific

pipeline developed as part of the Developing Human Connectome Project (dHCP)

(Fitzgibbon et al., 2019), that has yet to be released or tested on an independent non-

dHCP non-resting-state fMRI dataset. The value of incorporating FIX denoising

into the preprocessing pipeline was tested by comparing outputs with and without
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the adoption of this analysis step. To test effects of spatial filtering on data quality,

data outputs were compared for unfiltered data, and data filtered with 3 mm and 5

mm FWHM smoothing kernels. Finally, HRF modelling was based on the neonate-

specific HRF outline by Arichi and colleagues (2012). Three parameterisations

of varying complexity were compared: a single gamma function model, a double

gamma function model, and a three basis function model.

This work provided the necessary foundations on which the work in the following

thesis chapter was built. Additionally, the analysis pipeline outlined in this chapter

provides a basis from which further infant fMRI studies into infant pain and

nociception can be based. The successful adoption and implementation of the

dHCP fMRI preprocessing pipeline also aided in the generalisation of the pipeline

for non-dHCP datasets and non-resting-state fMRI modalities.

3.2 Methods

3.2.1 Infant recruitment and demographics

A clinical investigator of the Paediatric Neuroimaging Group recruited healthy

neonates from the postnatal ward at the John Radcliffe Hospital (Oxford University

Hospital NHS Trust) for an MRI scan. Infants were considered healthy if they were

inpatients on the postnatal ward that never required admission to the neonatal

unit, had no history of congenital conditions or neurological problems, and were

clinically stable at the time of study. Written informed consent was obtained from

parents prior to the study. Ethical approval was obtained from an NHS Research

Ethics Committee (National Research Ethics Service, REC reference: 12/SC/0447),

and research was conducted in accordance with standards set by Good Clinical

Practice guidelines and the Declaration of Helsinki.

Fifteen neonates were included in this study. At the time of study, the mean

postmenstrual age (PMA) was 39.3 weeks (range: 37.1 – 42.7 weeks), mean postnatal

age (PNA) was 2.3 days (range: 1 – 7 days). The mean birth weight was 3,408 g

(range: 2,235 – 4,570 g), and the sample included eight males and seven females.
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3.2.2 Experimental setup and design

Neonates were transported to the Wellcome Centre for Integrative Neuroimaging

(Oxford, UK), then screened for metal, fed, and swaddled prior to scanning. Infants

were fitted with silicone ear plugs (Hush Plugz, Robinson Healthcare, Worksop,

UK; 23 dB attenuation), ear-muffs (Minimuffs, Natus Medical Inc., Galway, Ireland;

7 dB attenuation), and ear-defenders (Em’s 4 Bubs Baby Earmuffs, Em’s 4 Kids,

Brisbane, Australia; 22 dB attenuation), and placed on a vacuum-positioning

mattress with additional soft padding around the head to restrict motion. Heart

rate and blood oxygen saturation were monitored throughout scanning (Fibre Optic

Pulse Oximeter, Nonin Medical, Plymouth, Minnesota).

An event-related experimental design was used, and the mild non-skin-breaking

nociceptive stimulus was a 128 mN sharp-touch pinprick (PinPrick Stimulator,

MRC Systems). Ten trials of the stimulus were delivered to the dorsum of the left

foot, each trial was 1 s, and the minimum inter-stimulus interval was 25 s. This long

inter-stimulus interval was used to minimise the influence of motion at the time of

stimulus delivery. The stimuli were applied when the infants were naturally still,

and were time-locked to the fMRI data using Neurobehavioural Systems software

(Presentation, https://www.neurobs.com). Due to the size of newborn infants,

the stimuli must be delivered with the researcher lying in the bore. To perform

stimulus delivery in a time-locked manner with minimal researcher movement (to

minimize field disruption), two researchers were required. The first researcher lay in

the bore and delivered the stimulus once the infant was lying still and not moving

the foot to be stimulated (i.e. naturally still). The second researcher, outside

the scanner bore, indicated to the first researcher when to deliver the stimulus by

gently tapping the first researcher. The second researcher recorded the time of

stimulus delivery using the a button press that was visually time-locked to the time

of contact of the pinprick with the infant’s skin. Visual assessment by the second

researcher of stimulus contact was always possible, and while the visual time-locking

may introduce timing inaccuracies, these would be on the order of approximately

±0.5 s. Relative to the slugishness of the HRF (in particular, the infant HRF),

https://www.neurobs.com
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this inaccuracy is negligible. For all other scan types, infants lay passively in the

scanner. No sedatives were used at any stage of this study.

3.2.3 MRI data acquisition

All data were collected on a 3T Siemens Prisma with an adult 32 channel receive coil.

The structural data acquisition was: T2-weighted, TSE (factor 11), 150° flip

angle, TE = 89 ms, TR = 14,740 ms, parallel imaging GRAPPA 3, 192×192 in-plane

matrix size, 126 slices, 1 mm isotropic voxels, and 2 mins 13 s acquisition time.

The fieldmap data acquisition was: gradient echo, 2DFT readout, dual echo

TE1/TE2 = 4.92/7.38 ms, TR = 550 ms, 46° flip angle, 90× 90 in-plane matrix

size, 56 slices, 2 mm isotropic voxels, and 1 min 40 s acquisition time.

The noxious-response fMRI data acquisition was: T2* BOLD-weighted, gradient

echo, EPI readout, 70° flip angle, TE = 50 ms (Goksan et al., 2017), TR = 1,300

ms, multiband 4 (Moeller et al., 2010; Xu et al., 2013), 90 × 90 in-plane matrix

size, 56 slices, 2 mm isotropic voxels, AP phase encode direction, a single-band

reference (SBref) image was acquired at the start, and the mean acquisition time

was approximately 6 min (approximately 277 volumes).

3.2.4 Overview of preprocessing pipelines

In this study, key aspects of two fMRI preprocessing pipelines were compared. The

first pipeline was based primarily on the FMRIB Software Library (FSL) FMRI

Expert Analysis Tool (FEAT) (Jenkinson et al., 2012), closely matching the FEAT-

based pipeline used in a previous infant noxious-response fMRI study (Goksan et al.,

2015). This pipeline closely corresponds to what can be called a ‘typical’ adult

preprocessing pipeline with certain adaptations for neonatal data. In this study,

this FEAT-based neonatal pipeline is referred to as ‘the FEAT pipeline’. The second

pipeline was based primarily on the dHCP fMRI preprocessing pipeline (Fitzgibbon

et al., 2019) with extensions required for small sample sizes and the modelling of

noxious-response fMRI data (as opposed to the much larger resting-state dHCP

dataset with which the dHCP preprocessing pipeline was being developed). In this

study, this dHCP-based neonatal pipeline is referred to as ‘the dHCP pipeline’. The
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general workflow of these pipelines is detailed in Figure 3.1. The preprocessing

steps have been conceptually split into ‘artefact removal’ and ‘spatial normalisation’

subsections, and do not match the actual temporal sequence of events. Details

of these pipelines are given next, and details of comparative statistical analyses

and non-pipeline-comparison analyses follow below.

Figure 3.1: FMRI analysis pipeline workflow and comparison highlighting key pipeline
differences. “FEAT fMRI preprocessing pipelines” box: the “‘Typical’ adult pipeline”
column is the hypothetical FEAT fMRI preprocessing pipeline using analysis tools and
steps currently found in FEAT, appropriate for analysis of an adult multiband fMRI
dataset; the “Modified infant pipeline” is the modification of this ‘typical’ FEAT pipeline
for use in our infant multiband fMRI dataset (* = preprocessing steps performed partially
or fully external to FEAT). “dHCP fMRI preprocessing pipelines” box: the “‘Typical’
infant pipeline” column is a condensed description of some key analysis steps in the
dHCP fMRI preprocessing pipeline; the “Extended infant pipeline” extends the dHCP
pipeline for use with the current noxious-response fMRI dataset. “GLM analysis” box:
this is a condensed description of the key GLM analysis steps performed at the subject-
and group-level in this chapter, and is common to the outputs of both the modified
FEAT and extended dHCP fMRI preprocessing pipelines. See main text for expansion of
abbreviations.
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The FEAT preprocessing pipeline

The structural data were brain extracted using FSL’s BET (Brain Extraction Tool)

(Smith, 2002), and bias field corrected within FEAT using FSL’s FAST (FMRIB’s

Automated Segmentation Tool) (Zhang, Brady, and Smith, 2001). Optimisation of

BET parameters (optimal fractional intensity threshold and its vertical gradient)

required manual specification per subject. The fieldmap data were processed

using fsl_prepare_fieldmap.

For functional data preprocessing, the artefact removal stage consisted of

seven core processes (see Figure 3.1). Motion correction was performed using

FSL’s MCFLIRT (Motion Correction FMRIB’s Linear Image Registration Tool)

(Jenkinson et al., 2002), which realigns each volume using linear registration,

correcting for inter-volume head motion i.e. volume-to-volume motion correction.

Distortion correction was performed using FSL’s FUGUE (FMRIB’s Utility for

Geometrically Unwarping EPIs) (Smith et al., 2004), which corrects for susceptibility-

induced distortions, with the fieldmap aligned to the reference functional volume

selected during motion correction i.e. static distortion correction. The corrected

functional data are then brain extracted using BET, and temporally filtered using

a 0.01 Hz high-pass filter (100 s period). External to FEAT, the data were then

decomposed into spatially independent components, consisting of a spatial map

and timeseries, using probabilistic spatial independent component analysis (ICA)

using FSL’s MELODIC (Multivariate Exploratory Linear Optimised Decomposition

into Independent Components) (Beckmann and Smith, 2004). Components were

manually labelled as signal or noise using recommended guidelines (Griffanti et al.,

2017). The noise component timeseries, and the 24 head motion parameter timeseries

estimated during motion correction, were regressed from the data using FSL’s FIX

(FMRIB’s ICA-based Xnoiseifier) (Griffanti et al., 2014; Salimi-Khorshidi et al.,

2014). The combination of ICA decomposition and noise timeseries regression

is referred to as FIX denoising. This step is not an automated component of

FEAT, as the ICA component labelling requires manual intervention, and so, FIX

denoising is not a step of a ‘typical’ adult FEAT preprocessing pipeline. However,
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it was included in our infant FEAT pipeline, as it has previously been used in

our group (Goksan et al., 2015) to deal with heavily contaminated neonatal fMRI

data. Additionally, it is a core component of the dHCP pipeline, and to allow fair

comparison of the two pipelines, its inclusion in the FEAT pipeline was required.

The final two preprocessing stages are typical of a FEAT pipeline and included

low-pass spatial filtering and grand mean scaling. Three spatial filters were tested,

as will be detailed below, using FSL’s SUSAN (Smoothing over Univalue Segment

Assimilating Nucleus) (Smith and Brady, 1997). Finally, the data were grand mean

scaled to have a spatiotemporal median value of 10,000, as is default in FEAT.

The spatial normalisation stage consisted of three core steps (see Figure 3.1).

An infant’s functional data were aligned with the infant’s high-resolution structural

image using a 6-DOF (degrees of freedom) linear rigid-body registration using

FSL’s FLIRT (FMRIB’s Linear Image Registration Tool) (Jenkinson and Smith,

2001; Jenkinson et al., 2002). In a ‘typical’ adult FEAT pipeline, this global linear

registration between functional and structural images is subsequently refined by

aligning the boundary of the cerebral cortical grey matter and white matter using

BBR (Boundary Based Registration) (Greve and Fischl, 2009). BBR was omitted

from our infant FEAT pipeline for two reasons. First, it requires an accurate

delineation of the appropriate tissue boundary, which is not possible using standard

FSL tools external to those developed for the dHCP structural analysis pipeline.

Second, the BBR parameterisation is hard-coded in FEAT for the cross-boundary

intensity gradient of the adult brain, which is the reverse of the intensity gradient in

the infant brain. After aligning to structural space, the structural image was aligned

to a standard space template (Makropoulos et al., 2016; Serag et al., 2012) that

was age-matched to the particular infant e.g. if the infant was 38 weeks PMA, that

infant’s structural image was aligned to the 38-week infant standard template. This

alignment was done using FSL’s FNIRT (FMRIB’s Non-linear Image Registration

Tool) (Andersson, Jenkinson, and Smith, 2007), with minor alterations to the

default FNIRT configuration required for infant data (Goksan et al., 2015). The age-

matched standard template was finally aligned to the global 40-week PMA standard
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template space (Makropoulos et al., 2016; Serag et al., 2012) using FNIRT. All

registration transformations between functional and standard space are applied in a

single step to minimise data quality degradation due to multiple interpolation steps.

The dHCP preprocessing pipeline

The structural data were processed using the MIRTK Draw-EM (Developing brain

Region Annotation With Expectation-Maximization) neonatal pipeline (Makropou-

los et al., 2014), which is the tool forming the basis of the dHCP structural

preprocessing pipeline (Makropoulos et al., 2018). The ‘typical’ dHCP fMRI prepro-

cessing pipeline was extended for this study to include the required structural image

preprocessing steps (brain extraction, bias field correction, and tissue segmentation)

for analysis of functional MRI data. The fieldmap data were processed using a

modified version of fsl_prepare_fieldmap.

For functional data preprocessing, the artefact removal stage consisted of six core

processes (see Figure 3.1). Motion and distortion correction were performed as a

single step using FSL’s EDDY (Andersson et al., 2016; Andersson and Sotiropoulos,

2016). This a key dHCP innovation, as EDDY was originally designed for the

correction of diffusion MRI data, but has been adapted for use with functional

data due to its advanced method of correction. Motion correction realigned

each volume and then each slice within a volume, which corrected for both inter-

and intra-volume head motion i.e. volume-to-volume and slice-to-volume motion

correction (Andersson et al., 2017). Distortion correction adapted the fieldmap image

according to the infant’s head position, estimating the dynamic changes to the field

induced by subject motion. This estimated dynamic distortion correction corrected

for standard susceptibility-induced distortions and additional susceptibility-by-

movement distortions (Andersson et al., 2018). Unlike the sequential use of

MCFLIRT and FUGUE in the FEAT pipeline, EDDY simultaneously corrects

for motion and distortion, which is more accurate due to the interactions between

the two processes. While these are the theoretical advantages, this was the first

study published using EDDY to correct functional data, and thus was directly
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compared to the more traditional FEAT pipeline corrections. High-pass temporal

filtering was performed using a 0.01 Hz filter followed by FIX denoising as described

in the FEAT pipeline. However, due to the dHCP structural preprocessing pipeline,

accurate tissue segmentation of an infant’s data was possible allowing training of the

FIX classifier. FIX was thus trained and the classification accuracy reported. Brain

extraction, spatial filtering, and grand mean scaling were performed in the dHCP

pipeline in a similar manner to the FEAT pipeline. For the purposes of this study

(and overall generalisation of the dHCP pipeline), the ‘typical’ minimal preprocessing

pipeline was extended to include spatial filtering and grand mean scaling.

The spatial normalisation stage consisted of four core steps (see Figure 3.1). An

infant’s functional data were aligned with the infant’s SBref image using a 6-DOF

linear rigid-body registration using FSL’s FLIRT. The SBref image was aligned

with the high-resolution structural image initially using a 6-DOF linear rigid-body

registration using FLIRT, refined with BBR using the cerebral grey-white matter

cortical boundary. BBR was possible due to the structural image segmentation.

The alignment between structural and the 40-week standard space (Makropoulos

et al., 2016; Serag et al., 2012) was a two-step process with registration going via the

age-appropriate template, similar to the FEAT pipeline. However, these non-linear

registrations were performed using ANTs’s SyN (Avants et al., 2008).

3.2.5 GLM, ROI, and region-constrained analyses
GLM analyses

The preprocessed functional data output from both the FEAT and dHCP pipelines

underwent identical subsequent general linear model (GLM) analyses. The subject-

level GLM analysis was performed using FEAT. The infant’s experimenter-controlled

stimulus application timeseries was convolved with an infant-appropriate haemo-

dynamic response function (HRF) (Arichi et al., 2012). Three HRFs were tested,

detailed below. The GLM model was filtered using the 0.01 Hz high-pass temporal

filter, and prewhitening correction for temporal autocorrelations was performed

using FSL’s FILM (FMRIB’s Improved Linear Model) (Woolrich et al., 2001).
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Two group-level GLM analyses were performed. The first analysis involved

getting the group average activation map (specifically, the group t-statistic map),

derived from each infants GLM regression parameter map, using a standard whole-

brain mass-univariate group analysis. These group t-statistic maps were generated

for each analysis pipeline variation to allow a cross-pipeline comparisons. The

second analysis involved taking each infant’s GLM t-statistic maps generated from

the variable iterations of the pipelines, and getting a ‘difference-in-t-statistic map’,

or t-statistic difference maps, per infant by subtracting two t-statistic maps within

an infant. These t-statistic difference maps were then entered into a group analyses

to test cross-pipeline differences.

For the first GLM analysis, each infant’s GLM regression parameter map was

entered into a whole-brain group-average GLM analysis. Statistically significant

regions of activation were identified using permutation analysis using FSL’s Ran-

domise (Winkler et al., 2014). Adjustment for five nuisance variables was applied:

PMA, PNA, sex, brain volume (derived from structural segmentation data), and

mean head motion (DVARS). 10,000 permutations were run, and a 10 mm FWHM

variance smoothing (Holmes et al., 1996) kernel was applied to account for the

low degrees of freedom. Due to variable strengths and weaknesses of thresholding

methods, three thresholding methods were reported to facilitate interpretation.

First, voxel-based thresholding with a 5% false discovery rate (FDR) correction for

multiple testing. Using a familywise error rate (FWER) correction for voxel-based

whole-brain analysis was too conservative, resulting in many ‘empty’ thresholded

maps. Second, cluster-mass-based thresholding (Bullmore et al., 1999) with a

cluster-defining threshold of 2.3 and a 5% FWER correction. Third, threshold-free

cluster enhancement (TFCE)-based thresholding (Smith and Nichols, 2009) with

default parameters and a 5% FWER correction.

For the second GLM analysis, each infant’s GLM t-statistic difference map was

entered into a region-constrained (see below) group-average GLM analysis. Identical

permutation analysis as above was performed, including adjustment for nuisance

variables. However, due to the spatially discontinuous non-whole-brain analysis,
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spatial statistic thresholding methods (cluster-mass and TFCE) were not used.

Voxel-based thresholding was used with a 5% FWER correction for multiple testing.

ROI and region-constrained analyses

Four grey matter and one white matter regions-of-interest (ROIs) were defined for

the ROI and region-constrained analyses. The grey matter regions were selected

to assess analysis outputs in brain regions functionally relevant to the stimulus

paradigm, while the white matter region was used to identify noxious-response

activity incorrectly localised to white matter. These ROIs were defined using a

combination of functionally and anatomically defined regions. To define functionally

relevant grey matter regions, the FEAT pipeline was used on an independent dataset

of 15 neonates (Goksan et al., 2018) to generate the group average activation map in

response to the same 128 mN noxious stimulus. Statistically significantly activated

regions were identified by thresholding using TFCE and a 5% FWER correction

for multiple testing. This network of functionally-defined regions was then masked

with four anatomically-defined regions to extract distinct well-defined ROIs. Using

the standard brain atlas (Makropoulos et al., 2016), the four bilateral ROIs were

the thalamus, insula, postcentral gyrus (PoCG), and anterior cingulate cortex

(ACC), which are brain regions known to be involved in processing nociceptive

input in both adults and infants (Apkarian et al., 2005; Williams et al., 2015;

Goksan et al., 2015). The white matter ROI was defined using the atlas alone,

and was used to identify noxious-response activity incorrectly localised to white

matter during the spatial normalisation comparison, spatial filtering comparison,

and overall pipeline comparison analyses.

Using these ROIs, variability in group GLM t-statistics were compared for the

numerous pipeline comparisons. The rationale for comparing t-statistics follows from

Smith and colleagues that, at the group-level, it is reasonable to assume that larger t-

statistics are better due to reduced noise variance originating from imperfect analysis

methods (Smith et al., 2005). To compare the GLM t-statistic results between

pipelines, mean and peak t-statistics extracted from the grey matter ROIs were
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compared, and proportions of mislocalised active voxels extracted from the white

matter ROI were compared. To test for statistical significance, the collection of grey

matter ROIs were used to define the constrained region for the region-constrained

analyses, when performing group analysis on the t-statistic difference maps.

3.2.6 Motion correction and distortion correction assess-
ment

To compare the motion correction and distortion correction (MCDC) outputs of

the FEAT and dHCP pipelines, the post-MCDC correction mean DVARS motion

metric and whole-brain temporal SNR (tSNR) measures were compared using a

Wilcoxon signed-rank test with a significance level α = 0.05. To assess the effects of

the two MCDC pipelines on sensitivity to signal within specific ROIs, the mean and

peak t-statistics within the four individual grey matter ROIs were compared, and

whole-brain active voxel counts were compared for each of the three thresholding

methods. To compare the pipeline outputs from the GLM region-constrained

analysis, group analysis on the t-statistic difference maps were performed. The

GLM ROI and region-constrained analyses required registration to standard space.

In order to disambiguate the MCDC effects from the spatial normalisation effects,

both the FEAT and dHCP outputs were registered to standard space using the

FEAT-style registrations. Finally, TFCE thresholded group average activation

maps were also presented for qualitative assessment.

3.2.7 Spatial normalisation assessment

To compare the spatial normalisation outputs of the FEAT and dHCP pipelines,

alignment of the functional data with the standard space template was assessed

using normalised mutual information (NMI). Using the cerebral cortical boundary

between grey and white matter of the standard template, the mean intensity gradient

across this boundary, the BBR cost function, was also compared. This metric is

referred to as the boundary intensity difference. While BBR was used to align

the functional and structural images, BBR is not used to align the structural and

standard template images, which would otherwise make the boundary intensity
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difference metric biased. The NMI and boundary intensity difference measures were

compared using a Wilcoxon signed-rank test with a significance level α = 0.05. To

assess the effects of the two spatial normalisation pipelines on sensitivity to signal

within specific ROIs, the mean and peak t-statistics within the four individual grey

matter ROIs were compared, and whole-brain active voxel counts were compared for

each of the three thresholding methods. To assess the pipelines’ effects on spatial

specificity (correctly localising active voxels to grey matter), the proportions of

significantly activated voxels incorrectly localised to white matter were compared.

Due to the different spatial normalisation pipelines resulting in different alignment

of data to standard space, no GLM region-constrained t-statistic difference map

analysis was performed. In order to disambiguate spatial normalisation effects from

MCDC effects, the dHCP MCDC outputs were used as the inputs to both spatial

normalisation pipelines. Finally, TFCE thresholded group average activation maps

were also presented for qualitative assessment.

3.2.8 FIX denoising assessment

To ensure equally accurate FIX denoising between pipelines, the following approach

was adopted. The trained FIX model was used in both pipelines initially only

to label components. All components from both pipelines were then manually

inspected, and misclassified components relabelled where necessary. Thus, FIX was

used in both pipelines to support semi-automatic classification of ICA components.

Notably, the FIX model, which was trained on the dHCP data, worked equally well

at classifying components in the FEAT pipeline; the small number of misclassified

components was comparable between pipelines, and no obvious difference in the

nature of the components was discernible to the researchers. Once manual inspection

and correction of ICA components was complete, FIX was then used for the final

clean-up step (using the corrected manual classification labellings) to remove these

noise component timeseries and extended head motion parameter timeseries (24

motion timeseries) from the data.
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To assess the influence of FIX denoising in neonatal fMRI data preprocessing,

GLM outputs of data with and without FIX denoising were compared. The dHCP

pipeline MCDC and spatial normalisation pipelines were used for this FIX denoising

analysis, to reduce the influence of motion, distortion, and registration misalignments

on this FIX denoising analysis. This was due to the observed superiority of the

dHCP pipeline over the FEAT pipeline in these aspects of preprocessing (from our

MCDC and spatial normalisation comparisons above). From the GLM ROI analyses,

the mean and peak t-statistics within the four individual grey matter ROIs were

compared, and whole-brain active voxel counts were compared for each of the three

thresholding methods. From the GLM region-constrained analysis, group analysis

on the t-statistic difference maps were performed. Finally, TFCE thresholded group

average activation maps were also presented for qualitative assessment.

3.2.9 Spatial filtering assessment

Spatial filtering has the benefit of increasing SNR coupled with the reduction of

spatial resolution. As such, minimal spatial filter extents are preferable, especially

for the small brain volumes of newborn infants. In both the FEAT and dHCP

pipelines, FSL’s SUSAN was used to perform filtering. In order for SUSAN to work

effectively, the spatial filter extent (specified as FWHM) must be larger than the

data voxel size. To perform minimal spatial filtering, a spatial filter extent equal to

1.5 times the voxel size was selected as default for all pipeline comparison analyses,

excluding this spatial filtering comparison analysis. For the specific voxel size of

this dataset, this default filter was 3 mm FWHM (1.5 × 2 mm isotropic voxels).

For the spatial filtering comparison analysis, the 3 mm filter was compared to a 0

mm filter (no filtering) and 5 mm filter. This larger 5 mm filter was selected for

three reasons. First, it is the default filter in FEAT, and according to a 2012 review

(Carp, 2012), over 80% of adult fMRI studies use a filter of 5 mm or greater. Second,

a 5 mm kernel has been previously used in preprocessing infant noxious-response

fMRI data (Goksan et al., 2015). Third, it is currently not uncommon in the infant
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fMRI literature at large to see filters of 5 mm or larger in both resting-state (Mitra

et al., 2017) and stimulus-response (Scheef et al., 2017) studies.

To compare the effect of spatial filter extent on sensitivity to signal in specific

ROIs, the mean and peak t-statistics within the four individual grey matter ROIs

were compared, and whole-brain active voxel counts were compared for each of

the three thresholding methods. To assess the effect of spatial filtering on spatial

specificity, the proportions of significantly activated voxels incorrectly localised to the

white matter ROI were compared. From the GLM region-constrained analysis, group

analysis on the t-statistic difference maps were performed between the 0 mm and 3

mm filters as well as between the 3 mm and 5 mm filters. Finally, TFCE thresholded

group average activation maps were also presented for qualitative assessment.

3.2.10 HRF modelling assessment

Due to the differences between the adult and infant cerebral haemodynamic

responses, HRF models were based on neonate-specific parameterisations (Arichi

et al., 2012). Three HRF models were tested. The first was a single gamma (SG)

HRF, with a baseline-to-peak latency of 7 s and no undershoot, defined within

FEAT, which has been used in a previous publication (Goksan et al., 2015). The

second was a double gamma (DG) HRF, with a baseline-to-peak latency of 7 s

and an overshoot-to-undershoot ratio of 1:1, derived from data kindly provided

by Dr Tomoki Arichi (Arichi et al., 2012). The third was a three basis function

model developed from neonatal fMRI data by Arichi and colleagues using FSL’s

FLOBS (FMRIB’s Linear Optimal Basis Set) (Woolrich, Behrens, and Smith, 2004).

Due to the method of deriving the HRF basis set, the first basis function very

closely corresponds to the DG HRF: it has a baseline-to-peak latency of 7 s and an

overshoot-to-undershoot ratio of 1:1, but is a principle component analysis (PCA)

timeseries as opposed to a double-gamma function. To generate noxious-response

activation maps output from subject-level GLM analysis, a HRF-fit size statistic

map must be defined. The SG and DG HRF models involve only a single function,

and so, the size statistic map is simply the regression parameter map output
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automatically by FEAT. For the FLOBS HRF, the size statistic was defined as the

2-norm of the linear combination of the three basis functions. The sign (positive

or negative) of this size statistic was taken from that of the first basis function i.e.

the function closely resembling the neonatal DG HRF waveform.

To compare HRF model fits, peristimulus timeseries plots were derived for each

model in two grey matter ROIs: the PoCG due to its robust signal in all three model

fits, and the thalamus due to its high variability across model fits. The peristimulus

timeseries plots were derived as the average timeseries across voxels and across

all 10 trials. The timeseries were 26 s in length, with t = 0 s being the point of

stimulus delivery. The minimum inter-stimulus interval was 25 s, and this 26 s

timeseries spanned 20 time-points (20 volumes). Individual subject timeseries for

the raw data and HRF fits are provided. Additionally, timeseries for the volumewise

temporal cross-subject mean and temporal cross-subject standard deviations are

provided. These temporal mean and standard deviation timeseries comparisons

allow assessment of group-average HRF amplitude and variability independently of

the choice of HRF model size statistic. Baseline-to-peak latency and upshoot-to-

undershoot ratio of the group-mean HRF timeseries were compared to that of the

raw data. To get robust baseline-to-peak latency and upshoot-to-undershoot ratio

estimates from the raw data, the Woody average of the subject timeseries was used

to account for minor temporal jitter. The Woody average (Woody, 1967) improves

alignment by maximizing the cross-correlation between individual timeseries and the

average timeseries in an iterative manner. Jitter was restricted to ±2 volumes, was

restricted to integer shifts, and a maximum of 100 iterations, although convergence

occurred after two iterations. Subsequently, a DG function was closely fit to this

mean timeseries, with DG fit performed using MATLAB fit function optimisation.

To assess HRF model sensitivity to signal, the mean and peak t-statistics within

the four individual grey matter ROIs were compared, and whole-brain active voxel

counts were compared for each of the three thresholding methods. From the GLM

region-constrained analysis, group analysis on the t-statistic difference maps were
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performed. Finally, TFCE thresholded group average activation maps were also

presented for qualitative assessment.

3.2.11 Overall comparison of preprocessing pipelines

Based on the results of the spatial filtering and HRF modelling analysis, the complete

FEAT and dHCP pipelines were compared using a 3 mm FWHM spatial filter and

the DG HRF model. To assess the pipelines’ sensitivities to signal, the mean and

peak t-statistics within the four individual grey matter ROIs were compared, and

whole-brain active voxel counts were compared for each of the three thresholding

methods. Additionally, the pipelines’ spatial specificities were compared by assessing

the proportions of significantly activated voxels incorrectly localised to the white

matter ROI. From the GLM region-constrained analysis, group analysis on the t-

statistic difference maps were performed. Finally, TFCE thresholded group average

activation maps were also presented for qualitative assessment.

3.3 Results

3.3.1 Motion correction and distortion correction assess-
ment

The dHCP pipeline corrected slice-to-volume and susceptibility-by-movement arte-

facts that were not corrected by the FEAT pipeline (Figure 3.2). The dHCP

estimated dynamic fieldmap approach provided greatest noise reduction in frontal

and occipital polar regions. Motion-related noise remaining after MCDC was

assessed using DVARS and tSNR (Figure 3.3). At the subject-level, the dHCP

MCDC resulted in a greater reduction in motion-related signal variance, especially

during large movements (Figure 3.3A). At the group-level, the dHCP MCDC pipeline

significantly reduced the mean DVARS values (p = 1.8× 10−4) and increased the

mean tSNR values (p = 6.1 × 10−5) across subjects (Figure 3.3B and C).

The dHCP MCDC resulted in a modest increase in the mean group-level t-

statistic in all grey matter ROIs (Table 3.1). Comparing the number of significantly

active voxels, all three thresholding approaches demonstrated increased number of



3. Optimising fMRI data analysis 74

active voxels using the dHCP pipeline (Table 3.1). Using the thresholded activity

maps to qualitatively compare pipelines, increased significant activity was seen in

both cortical and subcortical regions, with greatest improvements in the thalamus

(Figure 3.4). Together, these results suggest the dHCP MCDC pipeline increased

sensitivity to signal by reducing noise variance. Comparing the subject-level t-

statistic difference maps, changes were not statistically significant.

Figure 3.2: Comparison of the effects of MCDC between the FEAT and dHCP pipelines
in representative subjects. (A) Comparison of volume-to-volume and slice-to-volume
motion correction. Each row is the same volume from one subject before correction
(Raw), after volume-to-volume motion correction used in the FEAT pipeline (FEAT), and
after both volume-to-volume and slice-to-volume motion correction used in the dHCP
pipeline (dHCP). (B) Comparison of static distortion correction and estimated dynamic
distortion correction. Each row is a coefficient of variation map (i.e. ratio of temporal
standard deviation to temporal mean) from one subject before correction (Raw), after
static distortion correction used in the FEAT pipeline (FEAT), and after estimated
dynamic distortion correction used in the dHCP pipeline (dHCP). Improvements are
seen predominantly at the brain surface perpendicular to the phase encode directions,
especially in frontal and occipital polar regions.

3.3.2 Spatial normalisation assessment

Improvements in spatial normalisation were apparent in individual subjects when

using the dHCP pipeline (Figure 3.5). Greatest improvements were visible at the
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Figure 3.3: Comparison of effects of MCDC between FEAT and dHCP pipelines using
DVARS and tSNR. (A) Comparison of DVARS plots post-correction for a representative
subject. The dHCP pipeline corrections result in lower mean DVARS metric across the
entire session with greatest effects seen during large head motions. The yellow asterisks
indicate the time of stimulus delivery, demonstrating the presence of stimulus-correlated
motion in this subject. (B–C) Comparison of MCDC effects between FEAT and dHCP
pipelines across all 15 subjects using DVARS and tSNR. For each plot, solid coloured
lines are individual subjects and the dotted black line is the group average. The dHCP
MCDC results in statistically significantly lower DVARS and higher tSNR, indicating
better artefact correction.

Figure 3.4: Comparison of MCDC between FEAT and dHCP pipelines using the group-
level GLM output for all 15 subjects. After thresholding the group t-statistic maps
(TFCE, default parameters, 5% FWER corrected), the dHCP pipeline resulted in greater
sensitivity to signal in both cortical and subcortical regions. Using the dHCP pipeline,
bilateral thalamic activity was detected. Using the FEAT pipeline, only contralateral
thalamic activity was detected.
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Table 3.1: Comparison of MCDC between FEAT and dHCP pipelines using t-statistics
from the GLM output and significantly activated voxel counts for all 15 subjects. T-
statistics: using the dHCP pipeline, all grey matter ROIs had an increase in mean
t-statistic. The maximum t-statistic (in parentheses) increased in all regions using the
dHCP pipeline, except the PoCG. # active voxels: the dHCP pipeline also resulted
in an increase in the number of significantly active voxels using all three thresholding
approaches. Voxel is FDR corrected; Cluster and TFCE are FWER corrected. ACC
= anterior cingulate cortex; PoCG = postcentral gyrus; TFCE = threshold free cluster
enhancement.

FEAT dHCP
T-statistics ACC 1.529 (3.518) 2.012 (4.581)

Insula 2.651 (5.244) 2.682 (5.422)
PoCG 2.822 (6.568) 3.131 (6.123)
Thalamus 2.168 (6.197) 2.542 (6.368)

# active voxels Voxel 0 41,492
Cluster 60,175 62,224
TFCE 16,823 53,926

brain/non-brain surface. The FEAT pipeline registrations frequently incorrectly

aligned the functional image cortical GM-CSF boundary with the template image

cortical GM-WM boundary, unlike the dHCP pipeline. The dHCP registrations also

produced marked improvements in cerebellum and brainstem alignment. Other non-

surface improvements were visible but less consistent across subjects. To quantify

these differences in spatial normalisation, we compared the alignment between the

functional image in standard space and the standard template image using NMI and

the boundary intensity difference (Figure 3.6). Using both metrics, the dHCP regis-

trations resulted in a statistically significant improvement in spatial normalisation

(p = 1.2 × 10−4 for NMI, p = 6.1 × 10−5 for boundary intensity difference).

The dHCP spatial normalisation resulted in a modest increase in the mean

group-level t-statistic in all grey matter ROIs, except the PoCG (Table 3.2).

Comparing the number of significantly active voxels and the proportion of significant

activity incorrectly localised to white matter, all three thresholding approaches

demonstrated increased number of active voxels and decreased proportion of

mislocalised activity using the dHCP pipeline (Table 3.2). Using the thresholded

activity maps to qualitatively compare pipelines, the dHCP pipeline provided greater
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spatial specificity, limiting the regions of significant activity to the grey matter

more accurately than the FEAT pipeline (Figure 3.7). Together, these results

suggest the dHCP spatial normalisation pipeline increased spatial specificity and

sensitivity to signal by reducing subject-template and subject-subject misalignment

errors. The subject-level t-statistics between pipelines were however not statistically

significantly different.

Table 3.2: Comparison of spatial normalisation between FEAT and dHCP pipelines
using t-statistics from the GLM output and significantly activated voxel counts for all
15 subjects. T-statistics: using the dHCP pipeline, there was an increase in the mean
t-statistic in all grey matter ROIs, except the PoCG (maximum t-statistic in parentheses).
# active voxels: the dHCP pipeline resulted in greater sensitivity to signal, measured as
increased number of active voxels using all three thresholding approaches. % white matter:
the dHCP pipeline resulted in greater spatial specificity, measured as decreased percent of
active voxels mislocalised to white matter using all three thresholding approaches. Voxel
is FDR corrected; Cluster and TFCE are FWER corrected. ACC = anterior cingulate
cortex; PoCG = postcentral gyrus; TFCE = threshold free cluster enhancement.

FEAT dHCP
T-statistics ACC 2.012 (4.581) 2.104 (4.030)

Insula 2.682 (5.422) 2.977 (5.224)
PoCG 3.131 (6.123) 2.959 (6.987)
Thalamus 2.542 (6.368) 2.565 (6.797)

# active voxels Voxel 41,492 66,984
Cluster 62,224 82,837
TFCE 53,926 66,756

% white matter Voxel 20.835 17.598
Cluster 9.882 5.400
TFCE 8.504 4.687

3.3.3 FIX denoising assessment

FIX was manually trained using the 15 subjects’ data from the dHCP pipeline.

Using the inbuilt leave-one-out cross-validation, accuracy was assessed for automatic

denoising of new subjects to have a median True Positive Rate (TPR; percent of

signal components correctly identified as signal) of 100%, a median True Negative

Rate (TNR; percent of noise components correctly identified as noise) of 95%,
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Figure 3.5: Comparison of the differences in spatial normalisation between the FEAT
and dHCP pipelines in a representative subject. Top row: the week 40 PMA standard
template in grey-scale, with a tissue boundary overlaid in green to aid assessment of
registrations. The boundary is taken from the same atlas as the standard template, and
includes the GM-WM boundary in the cerebrum, as well as the outer boundary of the
brainstem and cerebellum. Second row: the mean functional image registered to standard
space using the FEAT pipeline registrations (FSL’s FLIRT and FNIRT). Third row:
the same mean functional image registered to standard space using the dHCP pipeline
registrations (FSL’s FLIRT-BBR and ANTs’s SyN). In general, the FEAT registrations
tend to incorrectly register the GM-CSF boundary of the functional image to the GM-WM
boundary of the template, likely due to lack of BBR, and this is corrected in the dHCP
result. Also, the cerebellum and brainstem are more accurately aligned with the template
in the dHCP result. In this specific subject, several other improvements are visible in the
dHCP results, with example regions in each view highlighted with a red circle.
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Figure 3.6: Comparison of spatial normalisation between FEAT and dHCP pipelines
for all 15 subjects using (A) normalised mutual information and (B) boundary intensity
difference. For each plot, solid coloured lines are individual subjects and the dotted
black line is the group average. The dHCP spatial normalisation results in statistically
significantly larger magnitudes for both alignment metrics.

Figure 3.7: Comparison of spatial normalisation between FEAT and dHCP pipelines
using the group-level GLM output for all 15 subjects. The significant activity in the
thresholded t-statistic maps (TFCE, default parameters, 5% FWER corrected) more
faithfully aligned with grey matter structures after applying the dHCP registration
transformations. There was also better separation of activity in physically proximal brain
regions that are separated by white matter, which should be devoid of activity e.g. the
grey matter of the central sulcus and insular cortex.
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and an overall measure of median accuracy of 98.6% (accuracy defined in FIX as

(3 × TPR + TNR)/4 (for details, see Salimi-Khorshidi et al., 2014). Using the

dHCP pipeline, the effects of FIX denoising (using the semi-automatic classification

approach outlined in the methods) can be seen at both the subject-level (Figure 3.8)

and group-level (Figure 3.9), demonstrating a dramatic improvement in sensitivity to

signal. Particularly in subjects with strong stimulus-correlated motion, BOLD and

motion signal sources were clearly separated using ICA, and noise was successfully

removed from the data using FIX (Figure 3.8). Additionally, white matter and

CSF signal sources were readily visible as ICA components, negating the need to

manually extract signal timeseries from these regions using ROIs to perform ROI-

based nuisance regression clean-up. Eight examples of common ICA components

identified in this dataset are provided as Supplementary Figures in Appendix A.

Including FIX denoising in the preprocessing pipeline resulted in an increase in

the mean group-level t-statistic in all grey matter ROIs (Table 3.3). Comparing the

number of significantly active voxels, all three thresholding approaches demonstrated

dramatically increased number of active voxels using FIX denoising (Table 3.3).

Using the thresholded group activity maps to qualitatively compare pipelines, an

increase in significant activity was seen globally (Figure 3.9). Together, these results

suggest FIX denoising dramatically increases sensitivity to signal by reducing noise

variance. Comparing the differences in subject-level t-statistics, these differences

were statistically significant (voxel-based thresholding, 5% FWER corrected),

localised to all grey matter ROIs, except the ACC.

3.3.4 Spatial filtering assessment

Changing the spatial filter extent shifted the balance between sensitivity to signal

and spatial specificity. Comparing the ROI analysis results, a consistent decrease

in maximum t-statistic was observed across all grey matter ROIs as filter extent

increased (Table 3.4, values in parentheses). Comparing the region-constrained

analysis results, a statistically significant (voxel-based thresholding, 5% FWER

correction) increase in t-statistics was observed across all grey matter ROIs as
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Figure 3.8: Visualization of the effect of FIX denoising using the subject-level GLM
output for a representative subject with strong stimulus-correlated motion. Thresholding
and correction for multiple comparisons of the t-statistic map was achieved using Gaussian
random field theory cluster-based thresholding with a cluster-defining threshold of 2.3 and
a 5% FWER correction. Top row: not using FIX denoising resulted in strong motion and
striped multiband artefacts dominating the unthresholded t-statistic image, resulting in
very poor sensitivity to signal in the thresholded image. Bottom row: using FIX denoising
resulted in greatly reduced noise contamination of the unthresholded t-statistic image,
and a significant improvement in sensitivity to signal in the thresholded image. Notable
for this subject is the presence of stimulus-correlated motion; see Figure 3.3A to see
stimulus and head motion timings for this subject. FIX denoising allowed separation of
sources of BOLD signal from motion artefacts successfully removing noise while retaining
the signal of interest.

Figure 3.9: Comparison of the effects of FIX denoising on the group-level GLM output for
all 15 subjects. Comparing thresholded group t-statistic maps (TFCE, default parameters,
5% FWER corrected), there is a dramatic increase in sensitivity to signal, in both cortical
and subcortical regions, when using FIX denoising compared to no FIX denoising. Note,
this FIX denoising comparison was assessed using dHCP pipeline outputs only.
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Table 3.3: Comparison of the effects of FIX denoising on t-statistics from the GLM
output and significantly active voxel counts for all 15 subjects. T-statistics: using FIX
denoising resulted in an increase in the mean t-statistic in all grey matter ROIs (maximum
t-statistic in parentheses). * = ROIs in which FIX denoising resulted in statistically
significant increases in t-statistics (voxel-based thresholding, 5% FWER corrected). #
active voxels: using FIX denoising also resulted in an increase in the number of significantly
active voxels using all three thresholding approaches. Voxel is FDR corrected; Cluster
and TFCE are FWER corrected. ACC = anterior cingulate cortex; PoCG = postcentral
gyrus; TFCE = threshold free cluster enhancement.

No FIX With FIX
T-statistics ACC 2.065 (4.822) 2.104 (4.030)

Insula 2.199 (4.839) 2.977* (5.224)
PoCG 2.249 (5.329) 2.959* (6.987)
Thalamus 1.527 (7.387) 2.565* (6.797)

# active voxels Voxel 0 66,984
Cluster 30,837 82,837
TFCE 1,311 66,756

filter extent increased (Table 3.4; * and † = statistically significant difference; *

= 3 > 0 mm, † = 5 > 3 mm). The group-level ROI mean t-statistics results

were slightly more variable: there was a consistent increase in mean t-statistic

comparing 3 mm filter to no filter, but a 50/50 split in ROIs in which mean

t-statistics increased when comparing 3 mm and 5 mm filters. These ROI and

region-constrained results suggest that increasing the spatial filter extent tended

to increase t-statistics overall by “smearing” activity.

Comparing the number of significantly active voxels and the proportion of

significant activity incorrectly localised to white matter, all three thresholding

approaches demonstrated increasing number of active voxels and proportion of

mislocalised activity with increasing filter extent (Table 3.4). Using the thresholded

activity maps to qualitatively compare filter extents, a clear shift in the balance

between spatial specificity and sensitivity to signal was visible, consistent with

the quantitative t-statistic and voxel count comparisons (Figure 3.10). Without

filtering, activations in many regions were tightly localised to grey matter, and as

filter extent increased, activations became increasingly blurred across functionally

distinct brain areas. However, not filtering resulted in a thresholded activity map
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lacking several functionally important regions, such as ipsilateral thalamus, ACC,

hippocampus, brainstem, and cerebellum. The minimal filter extent of 3 mm

(1.5 times voxel size) appeared to be a reasonable compromise between gaining

sensitivity to signal at the cost of spatial specificity.

Figure 3.10: Comparison of the effects of spatial filter extent on the group-level GLM
output for all 15 subjects. Comparing thresholded (TFCE, default parameters, 5% FWER
corrected) group t-statistic maps, as spatial filter extent increased, the sensitivity to signal
increased in all ROIs, but the spatial specificity decreased. Not using spatial filtering
resulted in a lack of sensitivity to signal in both cortical and subcortical structures. Using
the 5 mm FWHM kernel, significant activity was incorrectly localised to non-grey matter
regions, and distinct clusters of activity fused into massive clusters spanning several brain
regions. Note, this spatial filtering comparison was assessed using dHCP pipeline outputs
only.

3.3.5 HRF modelling assessment

The effects of three HRF models on sensitivity to signal were assessed using the

dHCP pipeline results. To explore the causes of variability in HRF model fits,
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Table 3.4: Comparison of the effects of spatial filtering on t-statistics from the GLM
output and significantly activated voxel counts for all 15 subjects. T-statistics: as
spatial filter extent increased, peak t-statistics (in parentheses) decreased and statistically
significant (voxel-based thresholding, 5% FWER corrected) increases in t-statistics (*
and † symbols) were observed across all grey matter ROIs. The mean t-statistic in all
ROIs increased after 3 mm filtering compared to no filtering, and increased in PoCG and
thalamus after 5 mm filtering compared to 3 mm filtering. # active voxels and % white
matter: as filter extent increased, the number of statistically significant voxels increased,
measured using three thresholding approaches. Voxel is FDR corrected; Cluster and
TFCE are FWER corrected. ACC = anterior cingulate cortex; PoCG = postcentral gyrus;
TFCE = threshold free cluster enhancement; * and † = statistically significant difference.

0 mm 3 mm 5 mm
T-statistics ACC 1.956 (5.392) 2.104* (4.030) 2.066† (3.102)

Insula 2.674 (6.222) 2.977* (5.224) 2.968† (4.317)
PoCG 2.423 (8.778) 2.959* (6.987) 3.265† (5.874)
Thalamus 1.928 (7.467) 2.565* (6.797) 2.927† (5.389)

# active voxels Voxel 14,484 66,984 140,389
Cluster 48,332 82,837 109,137
TFCE 25,226 66,756 93,852

% white matter Voxel 13.353 17.598 21.309
Cluster 4.616 5.400 7.192
TFCE 2.319 4.687 6.148

peristimulus timeseries plots were compared at both the subject and group levels

in the PoCG and thalamus ROIs (Figure 3.11). In the raw data, a considerable

undershoot was visible (Figure 3.11 Row 4, grey and black plots). Due to this

undershoot not being modelled by the SG HRF, the SG was excluded from further

peristimulus timeseries comparisons. The FLOBS model appeared to over-fit the

data compared to the DG model. At the subject level, the fitted FLOBS HRFs

exhibited a wide array of BOLD response shapes, including some biologically unlikely

profiles (Figure 3.11 Row 2). The reduced flexibility of the DG HRF appeared

to make this model more robust to noise (Figure 3.11 Row 3). To quantify these

differences, the baseline-to-peak latency and upshoot-to-undershoot ratio of the

group mean DG and FLOBS HRFs were compared to a double gamma function fit

to the raw data group average (Figure 3.11 Row 4). In both ROIs, the DG HRF had

an upshoot-to-undershoot ratio more closely resembling the raw data. In the PoCG,
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the DG HRF had a latency to peak more closely resembling the raw data than the

FLOBS HRF, but in the thalamus, this relationship was reversed. Comparing the

between-subject variability in HRFs (measured as standard deviation), the FLOBS

HRF had noticeably larger variability than the DG HRF, especially during the

undershoot component of the BOLD response (Figure 3.11 Row 5). Together these

results suggest the SG HRF is an overly simple model that under-fits the BOLD

response. The FLOBS model may be too flexible for the level of noise in infant

fMRI data, resulting in over-fitting and large between-subject variability. The DG

appeared to be a reasonable compromise between under-fitting and over-fitting

of the modelled response to the data.

Comparing the group-level ROI analysis results, the DG HRF produced the

largest mean t-statistics in all grey matter ROIs compared to both the SG and

FLOBS HRFs (Table 3.5). The region-constrained group comparisons of HRF

models demonstrated statistically significantly (voxel-based thresholding, 5% FWER

corrected) larger t-statistics in the DG HRF compared to the SG, localised to the

insula. There were no statistically significant differences in t-statistics between the

DG and FLOBS models. Similarly, the DG HRF resulted in the largest number of

active voxels compared to both SG and FLOBS models using all three thresholding

approaches (Table 3.5). Using the thresholded group activity maps to qualitatively

compare HRF models, the DG HRF produced noticeably increased activity in

both cortical and subcortical structures (Figure 3.12). Overall, these GLM-based

results were in line with our peristimulus timeseries results, and suggested the

DG HRF model provides greatest sensitivity to signal compared to both the

SG and FLOBS models.

3.3.6 Overall comparison of preprocessing pipelines

Finally, the overall effect of the FEAT and dHCP pipelines on GLM results was

compared. To generate the group-level results, both pipelines included FIX denoising,

3 mm FWHM spatial filtering, and the DG HRF. Comparing the mean t-statistics of

the ROI analysis, the dHCP pipeline resulted in increased mean t-statistics in all grey
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Figure 3.11: Peristimulus timeseries plot analysis for the PoCG ROI (left column) and
the Thalamus ROI (right column). For all plots, the x-axis is time in seconds and displays
a time window from t = 0 s (time of stimulus delivery) to t = 26 s. The y-axis for rows 1
– 4 is arbitrarily scaled so that the maximum value equals 1. Row 5 y-axis is in arbitrary
units. Rows 1 – 3: Peristimulus timeseries plots for all individual subjects, averaged
over all voxels in the region and all trials, using the raw data (Row 1), the three basis
function (FLOBS) HRF (Row 2), and the double gamma (DG) HRF (Row 3). Row 4:
Group mean timeseries plots. The raw data plots are arbitrarily scaled so that the double
gamma function fit to the PoCG raw data has a maximum of 1. In both the PoCG
and Thalamus, the DG HRF has a larger upshoot amplitude and a smaller undershoot
amplitude compared to the FLOBS HRF. There are also differences in latencies to peak,
as described in the main text. Row 5: Group standard deviation timeseries plots. In
both the PoCG and Thalamus, the FLOBS HRF has larger cross-subject variability, most
noticeably during the undershoot component of the BOLD response.
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Figure 3.12: Comparison of the effects of HRF modelling on the group-level GLM
output for all 15 subjects. Comparing thresholded (TFCE, default parameters, 5% FWER
corrected) group t-statistic maps, the double gamma HRF had greatest sensitivity to
signal in both cortical and subcortical structures, most noticeable in ipsilateral thalamus.

matter ROIs (Table 3.6). The region-constrained group comparisons demonstrated

statistically significantly (voxel-based thresholding, 5% FWER corrected) larger

t-statistics in the dHCP pipeline compared to the FEAT pipeline, localised to the

PoCG. This is in contrast to our assessments of MCDC and spatial normalisation

above (Sections 3.3.1 and 3.3.2), where statistically significant differences in t-

statistics were not observed when contrasting these pipeline differences in isolation.

Similar to the mean t-statistic results, the dHCP pipeline resulted in a larger

number of significantly active voxels compared to the FEAT pipeline using all three

thresholding approaches (Table 3.6). The different thresholding approaches were

less clear-cut in quantifying the proportion of activity mislocalised to white matter.

Voxel-based thresholding was not appropriate here, because no activation survived
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Table 3.5: Comparison of the effects of HRF modelling on t-statistics from the GLM
output and significantly activated voxel counts for all 15 subjects. T-statistics: the double
gamma HRF had greatest mean t-statistic in all grey matter ROIs (maximum t-statistic
in parentheses). # active voxels: the double gamma HRF had the largest number of
significantly activated voxels using all three thresholding approaches. Voxel is FDR
corrected; Cluster and TFCE are FWER corrected. ACC = anterior cingulate cortex; DG
= double gamma HRF; FLOBS = three basis function HRF; PoCG = postcentral gyrus;
SG = single gamma HRF; TFCE = threshold free cluster enhancement; * = statistically
significant difference.

SG DG FLOBS
T-statistics ACC 1.870 (4.889) 2.104 (4.030) 1.905 (3.953)

Insula 2.773 (5.269) 2.977* (5.224) 2.141 (4.400)
PoCG 2.877 (7.182) 2.959 (6.987) 2.729 (5.824)
Thalamus 1.985 (5.709) 2.565 (6.797) 2.366 (5.920)

# active voxels Voxel 33,421 66,984 57,569
Cluster 72,987 82,837 46,648
TFCE 38,896 66,756 29,665

thresholding with the FEAT pipeline. Cluster-based thresholding suggested a clear

improvement in spatial specificity using the dHCP pipeline. TFCE thresholding

revealed almost identical levels of mislocalised activity in both pipelines. However,

given our assessment of spatial normalisation (Section 3.3.2) clearly demonstrated

improved alignments using the dHCP pipeline, the similar proportions of activity in

white matter measured here appear to be a TFCE “artefact”. That is, given

the increase in sensitivity to signal seen with the dHCP pipeline, we would

expect this substantially larger grey matter activity to unavoidably ‘enhance’

neighbouring white matter t-statistics. Finally, using the thresholded group

activity maps to qualitatively compare pipelines, the dHCP pipeline demonstrated

noticeably increased activity in both cortical and subcortical structures (Figure

3.13). Taken together, these quantitative and qualitative GLM-based pipeline

comparisons revealed dramatically improved spatial specificity and sensitivity to

signal using the dHCP pipeline.
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Figure 3.13: Overall comparison of FEAT and dHCP pipelines using the group-level
GLM output for all 15 subjects. Comparing the thresholded group t-statistic maps
(TFCE, default parameters, 5% FWER corrected), the dHCP pipeline resulted in increased
sensitivity to signal in both cortical and subcortical regions. Compared to the unilateral
activity detected in the thalamus and cingulate cortex using the FEAT pipeline, the
bilateral activity detected in these regions using the dHCP pipeline could lead to a
substantially different interpretation of the data.

3.4 Discussion

The central aim of this chapter was to identify optimal methods for preprocessing

neonatal fMRI data and for subsequent modelling of the neonatal BOLD response

to noxious stimulation. It was observed that the novel dHCP preprocessing pipeline

provides significant improvements in motion correction, distortion correction, and

spatial normalisation over the more standard adult FEAT preprocessing pipeline,

modified for infants. Additionally, the value of incorporating FIX denoising was

found to dramatically improve data quality, even for data heavily confounded by

both spontaneous and stimulus-correlated motion. These advancements allowed

the removal of motion-related artefacts due to slice misalignment (Andersson et al.,

2017), susceptibility-by-movement distortions (Andersson et al., 2018), and spin

history effects (Salimi-Khorshidi et al., 2014). This is noteworthy considering

neonatal fMRI data are heavily motion-contaminated, especially noxious-response

fMRI data, and the alternative analysis pipeline (the optimised FEAT pipeline,
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Table 3.6: Overall comparison of FEAT and dHCP preprocessing pipelines using t-
statistics from the GLM output and significantly activated voxel counts for all 15 subjects.
T-statistics: using the dHCP pipeline, all grey matter ROIs showed an increase in mean
t-statistic (maximum t-statistic in parentheses). This increase in t-statistics was revealed
to be statistically significant (voxel-based thresholding, 5% FWER corrected) using the
region-constrained analysis, localised to the PoCG. # active voxels: the dHCP pipeline
also resulted in an increase in the number of significantly active voxels using all three
thresholding approaches. % white matter: voxel-based thresholding was not valid due
to zero voxels being activated. Cluster-based thresholding showed a clear reduction
in mislocalised activity using the dHCP pipeline. TFCE-based thresholding showed a
very modest increase in mislocalised activity using the dHCP pipeline, possibly due to
unavoidable ‘enhancement’ of white matter voxels by the neighbouring grey matter. Voxel
is FDR corrected; Cluster and TFCE are FWER corrected. ACC = anterior cingulate
cortex; PoCG = postcentral gyrus; TFCE = threshold free cluster enhancement; * =
statistically significant difference.

FEAT dHCP
T-statistics ACC 1.529 (3.518) 2.104 (4.030)

Insula 2.651 (5.244) 2.977 (5.224)
PoCG 2.822 (6.568) 2.959* (6.987)
Thalamus 2.168 (6.197) 2.565 (6.797)

# active voxels Voxel 0 66,984
Cluster 60,175 82,837
TFCE 16,823 66,756

% white matter Voxel — 17.598
Cluster 10.051 5.400
TFCE 4.412 4.687

typically excluding FIX denoising) does not remove these particular artefacts. The

improvements in spatial normalisation further reduce artefacts due to misalignment

of data in standard space, which is common in neonatal fMRI data due to the

large inter-subject variability in brain size, gyrification, and tissue contrast (Rivkin

et al., 2004; Dubois and Dehaene-Lambertz, 2015). In addition to aiding in the

development and validation of the novel dHCP fMRI preprocessing pipeline, and

generalising its applicability to non-dHCP datasets, the identification of optimal

preprocessing methods is of central importance to allowing meaningful analysis

of individual differences in the BOLD response to noxious stimulation, a major

aim of this thesis. As well as the core preprocessing pipeline comparisons, the
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identification of a beneficial spatial filter extent (balancing SNR gain and spatial

resolution loss) and HRF model (balancing over- and under-fitting) are processing

stages of central importance to this goal.

The improvements in MCDC were primarily due to the novel application of

FSL’s EDDY, originally developed for diffusion MRI, to fMRI data. EDDY allows

for the correction of additional motion-related artefacts (slice misalignments and

susceptibility-by-movement distortions), but another important contrast with the

FEAT pipeline is that EDDY performs motion correction and distortion correction

simultaneously. The MCFLIRT-FUGUE-based MCDC corrections of the FEAT

pipeline perform these corrections sequentially, which is suboptimal because motion

artefacts and distortion artefacts are not independent, but closely interact. However,

at the time of this study, these proposed advantages of EDDY for fMRI data were

primarily theoretical, as the novel application was in development and without

prior validation. This study was the first publication using these methods (Baxter

et al., 2019). The adoption of novel methods comes with the risk of unknown

detrimental effects, and the current implementation of EDDY to fMRI data makes

the assumption that each fMRI volume is a spin-echo B0 image (when in fact, BOLD

fMRI is typically a gradient-echo acquisition). While this spin-echo assumption

does not account for signal dropout artefacts, this inaccurate assumption is weak,

and after close manual inspection of all of our fMRI data, no unusual or unexpected

effects were detectable. Additionally, the results of this study directly comparing

the novel application of EDDY to the well-established use of MCFLIRT-FUGUE,

demonstrated data quality improvements both pre- and post-HRF modelling of

BOLD activity, strongly suggesting that EDDY successfully reduced noise variance

without detrimental effect to or loss of the BOLD signal-of-interest. Since the

publication of these results (Baxter et al., 2019), the pipeline has been released

onto bioRxiv (Fitzgibbon et al., 2019) and the dHCP data made publicly available

(https://www.developingconnectome.org). The high quality of the dHCP data,

and the identification of RSNs consistent with existing literature (Doria et al.,

2010; Mongerson et al., 2017) and sensible functional connectivity developmental

https://www.developingconnectome.org
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trends provide further validation for the novel methodology. The FIX results of

this current study reaffirm the value of ICA-based clean-up methods (Griffanti

et al., 2014; Salimi-Khorshidi et al., 2014). Thus, these results should hopefully

encourage a more widespread adoption of these methods in the infant fMRI field,

and exemplar signal and noise components have been provided (Supplementary

Figures in Appendix A) to facilitate the adoption of these methods by other groups.

A major improvement in the registration pipeline was the refinement of intra-

subject image alignment using BBR (Greve and Fischl, 2009). While the distinct

effects of the functional-to-structural and structural-to-standard registrations were

not individually assessed in this study, due to manual inspection of all alignment

effects during the pipeline assessment, BBR was observed to improve alignments

in every case. Since publication of these results (Baxter et al., 2019), an improved

neonatal standard space template has been released (Schuh et al., 2018), and

assessments internal to dHCP have found this template further improves the

structural-to-template registration. Of the functional-to-structural and structural-

to-standard registrations, the structural-to-standard step appears to be the weaker

of the two. Of the 538 subjects analysed for the 2019 dHCP data release, 26

failed QC, 18 of which failed as a result of this registration step (Fitzgibbon et al.,

2019). This is thus currently an active area of research to optimise the parameters

of these registration tools. Since the publication of findings in this chapter, the

noxious-response fMRI data used here and in later chapters have since been updated

to include these improved registrations to the new standard space.

The use of spatial filtering is not without controversy, as the desired improve-

ment in SNR is coupled with blurring of the image and thus a loss in spatial

localisation (Turner and Geyer, 2014; Coalson, Van Essen, and Glasser, 2018).

The use of spatial filtering should be context dependent, and there are certainly

several instances in which it should be omitted. For example, studies into short-

range functional connectivity (e.g. between neighbouring functional areas) must

avoid introducing artefactually inflated functional connectivity measures due to

inappropriate averaging of neighbouring functional regions via inappropriate spatial
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filter use. Additionally, the spatial filter analysis performed in this study is specific

to volumetric space, and functional data projected onto the cortical surface should

not necessarily adopt our heuristic of 1.5 times the voxel size as a spatial filter extent.

Finally, when performing group whole-brain voxelwise analyses, it is typical to use

spatial statistics such as cluster-based and TFCE-based thresholding over voxel-

based thresholding to improve sensitivity to signal. Inappropriate use of spatial

filtering can induce a degree of blurring that results in the fusion of statistically

significant ‘clusters’ of activity. This fusion of clusters when using spatial statistics

causes severe issues for statistical inference, as the inference should technically be

limited to the level of the cluster, not each individual functional region that might

be spanned by a large significant cluster (Woo, Krishnan, and Wager, 2014). While

spatial filtering should be omitted if not required, this step has been included in

the following thesis chapter as it is indeed a valid step for the relevant research

questions being addressed. The use of a modest sample size and the investigation

of individual differences (as opposed to group comparison analysis) is an analysis

setting in which the SNR gain of minimal spatial filtering very likely outweighs

the data degradation due to image blurring.

There is a lack of research into the human neonate HRF, with only a single

comprehensive study being performed to date (Arichi et al., 2012). The HRF

parameterisation described in this study has not been incorporated into major

analysis software packages, so there is currently no established ‘canonical’ infant

HRF implementation for a defined age e.g. term neonate HRF (it is not possible to

have a single canonical HRF for all infant age ranges due to the rapidly maturing

haemodynamic response). While the group who originally developed the HRF

predominantly use the three basis function (FLOBS) parameterisation (Allievi et al.,

2016; Arichi et al., 2017), our group has used the single gamma (SG) variation

in a previous publication (Goksan et al., 2015). Three parameterisations were

studied here: the SG, double gamma (DG), and FLOBS HRF models. These results

suggest that the DG parameterisation, intermediate in complexity to the SG and

FLOBS parameterisations, was the preferred model for the infant event-related
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noxious-response paradigm. While the FLOBS variant will undoubtedly fit the

data more closely, the noise level of this infant fMRI dataset appeared to benefit

from the more inflexible and robust DG HRF. However, it is worth noting that the

experimental design used here and in the study in which the HRF was developed are

very closely matched. They both involved somatosensory stimulation (one noxious,

one innocuous), and both focused on primary somatosensory cortical region analyses.

It is thus a possibility that our dataset’s BOLD responses are very well fit by the first

basis function alone of the FLOBS HRF, which is essentially the DG HRF. And these

data might then not benefit from the additional flexibility afforded by the other basis

functions. It is thus likely that other fMRI datasets using very different paradigms

(e.g. visual or auditory stimulation) may indeed find the FLOBS parameterisation

to be better suited than the DG HRF. In brief, more research into the infant HRF

is certainly needed. Considering the data used throughout this thesis was collected

using the noxious-response experimental paradigm described in this chapter, these

HRF comparison results justify the adoption of the DG HRF throughout this thesis.

The optimisation of neonatal fMRI data analysis methods that explicitly address

the challenges posed by this population is central to improving infant fMRI data

interpretation, minimising the heterogeneity of fMRI analyses, and facilitating

cross-study comparisons. As the fMRI field moves from group-level analysis to

subject-level analysis (Vogt, 2015; Finn et al., 2015; Tavor et al., 2016; Parker Jones

et al., 2017), the optimisation of data preprocessing for the infant population is

imperative. While this work was a key first step in achieving the research aims

of this thesis, it is clear these results will help form the foundations on which

further infant fMRI research can be conducted, and provides a platform to address

fundamental neuroscientific questions, such as investigating how environmental

factors shape central nervous system function during early human development.
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4
Predicting the infant

haemodynamic response to
nociceptive input from
resting-state activity

4.1 Introduction

Newborn infants undergo a multitude of necessary painful procedures shortly after

birth as part of standard clinical care (Carbajal et al., 2008). It takes several years’

training to acquire the clinical acumen to competently decide upon appropriate pain

management strategies for infants undergoing clinically required painful procedures,

such as type and titration of analgesia and the required intensity of post-procedural

monitoring. However, infants’ lack of verbal communication and limited behavioural

repertoire, and the brief extra-uterine time window for establishing a medical history,

ensure a considerable degree of uncertainty exists in clinical decision making for

effective personalised analgesic care of the newborn infant. The inherent practical

and ethical constraints in researching pain in newborns has resulted in a reliance on

ambiguous behavioural and physiological responses to noxious events as indicators of

an infant’s pain experience and sensitivity (Lee and Stevens, 2013). This uncertainty

and ambiguity results in pain often going under-detected and under-treated in the

infant population (Roofthooft et al., 2014). It would thus be of immense value to

identify novel informative indicators of a newborn’s unique sensitivity to nociceptive

input that do not rely on prior observations of pain-related responses to clinical

procedures, and that could reduce the uncertainty and ambiguity during clinical

96



4. Predicting the infant haemodynamic response 97

decision-making processes regarding infant pain management. In this study, a

cohort of healthy newborn infants was studied in an experimental setting to identify

novel predictors of the infants’ neural responses to mild nociceptive input. The

central question was whether it was possible to predict a newborn infant’s cerebral

haemodynamic response amplitude from non-nociceptive data.

The human brain plays a central role in nociceptive processing and pain

experience. Previous studies using electroencephalography (EEG) and near infrared

spectroscopy (NIRS) have underscored the value of using brain-based approaches

to identify neural correlates of infant pain (Slater et al., 2006; Slater et al., 2010a;

Verriotis et al., 2016), highlighting important dissociations between brain activity

and observable pain-related behaviours (Slater et al., 2008; Slater et al., 2010b;

Bembich et al., 2015). From the age of approximately 35 weeks postmenstrual

age (PMA), it is possible to distinguish infants’ neural responses to noxious and

non-noxious stimulation using EEG (Fabrizi et al., 2011). In the current study, a

cohort of healthy peri-term-aged infants (35.9 – 41.4 weeks PMA) were exposed to

a mild non-skin-breaking experimental noxious stimulus applied to the infant’s foot

to mimic, without causing distress to the infant, the skin-breaking heel lance blood

test procedure, one of the commonest clinical procedures to which newborns are

exposed (Courtois et al., 2016). The experimental sharp-touch stimulus activates

Aδ-fibres evoking a noxious-specific event related potential (ERP), that is also seen

in response to the heel lance (Hartley et al., 2015; Hartley et al., 2017). Functional

magnetic resonance imaging (fMRI) was used to measure the amplitude of the

cerebral haemodynamic response to the nociceptive input. To date, only three

fMRI studies on infant pain processing have been published (Williams et al., 2015;

Goksan et al., 2015; Goksan et al., 2018). The challenges of studying infant pain in

the MRI environment and analysing infant fMRI data have been major obstacles to

the widespread use of the fMRI modality. However, the recent establishment of a

feasible experimental paradigm to study infant nociception (Goksan et al., 2015),

as well as the outline of an optimised analysis pipeline for infant noxious-response

fMRI datasets (Baxter et al., 2019), provide favourable conditions for the pursuit
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of fMRI use. Unlike EEG and NIRS, fMRI provides whole-brain coverage and

unparalleled spatial resolution that will undoubtedly provide valuable insight into

the neurophysiological basis for infant pain.

An infant’s pattern of spontaneous brain activity is unique to an infant and

reflects the brain’s underlying structural and functional neural architectures. To

identify novel predictors of infants’ noxious-response amplitudes, spontaneous brain

activity was recorded using resting-state fMRI (rs-fMRI), during which the infants

lie passively in the scanner. A set of core resting-state networks were identified

through replication in an independent dataset, a subset of healthy newborn infants

from the Developing Human Connectome Project (dHCP) dataset (Fitzgibbon

et al., 2019), and the pattern of network activity amplitudes was assessed for

the capacity to predict the infants’ noxious-response amplitudes. In adults, the

functional connectome of the brain has been used to uniquely identify subjects

(Finn et al., 2015) and is capable of predicting unique brain activity patterns to a

wide range of cognitive and behavioural tasks (Bzdok et al., 2016; Tabor et al., 2017;

Parker Jones et al., 2017). In infants, resting-state networks closely resembling

those observed in adults during rest and task conditions (Smith et al., 2009) are

established and functional prior to term age (Fransson et al., 2007; Fransson et al.,

2009; Doria et al., 2010). However, the relationship between resting-state and pain

and nociception has yet to be established in newborns. Resting-state activity has

great potential to provide novel insight into the multiple dimensions of infant pain

experience and expression, as it is unique to each individual infant, originates in

the organ from which pain perception emerges, and acquisition does not require

pain or nociception exposure for the infant.

In this study, focus was placed on network amplitudes as potential predictors over

measures of functional connectivity for three reasons. There is a strong dependency

of functional connectivity measures on signal amplitude (Cole et al., 2016; Duff

et al., 2018; Friston, 2011), yet amplitude effects are currently under-explored in

infant fMRI studies. There is now increased recognition of the functional importance

of fMRI activity amplitude (Bijsterbosch et al., 2017; Duff et al., 2008; Mennes
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et al., 2013; Xu et al., 2014; Zou et al., 2013), with resting-state activity amplitudes

shown to associate with task activity in adults (Mennes et al., 2010; Mennes et al.,

2011). The challenges of studying infant pain with MRI typically constrains study

sample sizes to modest numbers (n < 20) (Williams et al., 2015; Goksan et al.,

2015; Goksan et al., 2018), so studies attempting to identify novel indicators of

infant pain and nociception should avoid issues due to combinatorial explosion (N

networks produce NC2 functional connectivity measures, but only N amplitude

measures). Another key methodological decision was to focus on assessing prediction

over association (e.g. correlation or regression). While performing a correlation

or regression analysis typically involves fitting a model that can then be used to

generate predictions for novel data, establishing a statistically significant association

does not confirm generalisable predictability for new data (Poldrack, Huckins,

and Varoquaux, 2019). Establishing statistically significant predictive ability of

associations between resting-state activity and noxious-response activity would

more convincingly suggests that an infant’s spontaneous brain activity could be

a novel source of valuable aids to clinical decision making.

Infant diffusion MRI (dMRI) data were also analysed to assess potential structure-

function relationships between an infant’s haemodynamic response amplitude and

the underlying white matter microstructure. While relationships between the

structural and functional architectures of the brain provide neuroscientifically

valuable insight in their own right, association with structure was also used to

assess the temporal stability of the observed fMRI noxious-response amplitudes.

An infant’s neural response to stimuli is dependent on transient state effects such

as wakefulness and emotional state (Jones et al., 2017; Slater et al., 2006), as well

as relatively stable trait effects. In the context of identifying novel indicators of

infant nociceptive sensitivity, temporally stable trait effects would be of greater

clinical utility than temporally transient state effects.

Infants’ white matter microstructural complexity was quantified using the mean

kurtosis (MK) parameter derived using a diffusion kurtosis imaging (DKI) model

(Jensen et al., 2005; Jensen and Helpern, 2010; Steven, Zhuo, and Melhem, 2014),
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and assessed in a whole-brain voxelwise manner using tract-based spatial statistics

(TBSS) (Ball et al., 2010; Smith et al., 2006). While the MK parameter has not

been studied extensively in neonatal populations, its usefulness in studying brain

development in both humans and rodents has already been previously demonstrated

(Cheung et al., 2009; Paydar et al., 2014). MK was used in this study for its

sensitivity to both isotropic and anisotropic diffusion barrier effects, as well as its

ability to accurately quantify diffusional heterogeneity in white matter regions with

complex fibre orientations, such as crossing-fibre arrangements (Jensen et al., 2005;

Steven, Zhuo, and Melhem, 2014). Previous studies in infant structure-function

relations highlighted the importance of primary project fibre bundles, the optic

radiations in the context of these visual function studies (Bassi et al., 2008; Berman

et al., 2009; Groppo et al., 2014). For sharp-touch noxious stimuli, many of the

primary somatosensory projection bundles traverse regions of the centrum semiovale

with multiple fibre orientations and complex crossing-fibre arrangements. The most

commonly studied DTI diffusion parameters (mean diffusivity, fractional anisotropy,

axial diffusivity, and radial diffusivity) are notoriously challenging to interpret in

these complex white matter regions (Alexander et al., 2001; Tuch et al., 2003; Vos

et al., 2012; Wheeler-Kingshott and Cercignani, 2009).

This work provides valuable insight into the neurophysiological basis for nor-

mative variability in the haemodynamic response to nociceptive input in a group

of healthy newborn infants. A novel nociception-related neural structure-function

relationship is revealed, and tight coupling between an infant’s resting-state and

noxious-response neural activities provides proof-of-concept that an infant’s noxious-

free brain activity can predict noxious-response brain activity.

4.2 Methods

4.2.1 Infant recruitment and demographics

Infant recruitment was as described in Section 3.2.1 (Chapter 3). A clinical

investigator of the Paediatric Neuroimaging Group recruited healthy neonates

from the postnatal ward at the John Radcliffe Hospital (Oxford University Hospital
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NHS Trust) for an MRI scan. Infants were considered healthy if they were inpatients

on the postnatal ward that never required admission to the neonatal unit, had

no history of congenital conditions or neurological problems, and were clinically

stable at the time of study. Written informed consent was obtained from parents

prior to the study. Ethical approval was obtained from an NHS Research Ethics

Committee (National Research Ethics Service, REC reference: 12/SC/0447), and

research was conducted in accordance with standards set by Good Clinical Practice

guidelines and the Declaration of Helsinki.

Infant demographics differ to that described in Section 3.2.1, due to the increased

sample size and requirement of both noxious-response fMRI and rs-fMRI data per

infant for the current study. Demographic details of this 18-infant sample are

displayed in Table 4.1. The mean gestational age (GA) at birth was 38.3 weeks

(range: 35.3 – 41.4 weeks), and the mean birth weight was 3,343 g (range: 1,910 –

4,570 g). At the time of scan, the mean postmenstrual age (PMA) was 38.7 weeks

(range: 35.9 – 41.7 weeks), mean postnatal age (PNA) was 2.8 days (range 1 – 10

days), and mean total brain volume (TBV) was 289,823 mm3 (range: 212,410 –

416,904 mm3). The sample included eight females and ten males.

4.2.2 Experimental setup and design

Experimental setup and design were as described in Section 3.2.2 (Chapter 3).

Neonates were transported to the Wellcome Centre for Integrative Neuroimaging

(Oxford, UK), then screened for metal, fed, and swaddled prior to scanning. Infants

were fitted with silicone ear plugs (Hush Plugz, Robinson Healthcare, Worksop,

UK; 23 dB attenuation), ear-muffs (Minimuffs, Natus Medical Inc., Galway, Ireland;

7 dB attenuation), and ear-defenders (Em’s 4 Bubs Baby Earmuffs, Em’s 4 Kids,

Brisbane, Australia; 22 dB attenuation), and placed on a vacuum-positioning

mattress with additional soft padding around the head to restrict motion. Heart

rate and blood oxygen saturation were monitored throughout scanning (Fibre Optic

Pulse Oximeter, Nonin Medical, Plymouth, Minnesota).
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Table 4.1: Demographic details of the 18-infant local dataset. PMA = postmenstrual
age; GA = gestational age; PNA = postnatal age; BW = birth weight; TBV = total
brain volume. * = excluded from dMRI analyses due to missing data.

Infant PMA GA PNA Sex BW TBV
(weeks) (weeks) (days) (grams) (mm3)

1 40.6 40.3 2 M 3,880 283,685
2 37.4 37.1 2 M 4,570 276,222
3 35.9 35.3 4 F 1,910 212,410
4 35.9 35.6 2 M 3,180 284,623
5 38.3 38.0 2 M 3,400 309,632
6 38.0 37.3 4 F 3,410 306,530
7 39.6 39.3 2 F 3,250 301,086
8 36.4 36.0 3 F 3,510 260,268
9 38.0 37.9 1 M 2,490 221,792
10 40.7 40.6 1 M 4,300 346,861
11 40.4 40.1 2 M 4,040 356,454
12 39.3 39.0 2 F 3,775 300,094
13 38.9 38.6 2 F 2,950 286,714
14* 41.7 41.4 2 M 3,400 297,004
15 40.4 39.0 10 F 3,750 416,904
16 38.3 38.0 2 M 2,780 247,199
17 37.4 36.4 7 F 2,235 257,069
18 39.0 38.9 1 M 3,350 252,271

For the nociception paradigm, an event-related experimental design was used,

and the mild non-skin-breaking nociceptive stimulus was a 128 mN sharp-touch

pinprick (PinPrick Stimulator, MRC Systems). Ten trials of the stimulus were

delivered to the dorsum of the left foot, each trial was 1 s, and the minimum inter-

stimulus interval was 25 s. This long inter-stimulus interval was used to minimise

the influence of motion at the time of stimulus delivery. The stimuli were applied

when the infants were naturally still, and were time-locked to the fMRI data using

Neurobehavioural Systems software (Presentation, https://www.neurobs.com).

The same two-researcher setup as described in Section 3.2.2 was used in this study.

For all other scan types, infants lay passively in the scanner. No sedatives were

used at any stage of this study.

https://www.neurobs.com
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4.2.3 MRI data acquisition

The T2 structural, GRE dual-echo fieldmap, and noxious-response fMRI data

were acquired as described in Section 3.2.3 (Chapter 3). For completion, they

are reproduced here. All data were collected on a 3T Siemens Prisma with an

adult 32 channel receive coil.

The T2 structural data acquisition was: T2-weighted, TSE (factor 11), 150° flip

angle, TE = 89 ms, TR = 14,740 ms, parallel imaging GRAPPA 3, 192×192 in-plane

matrix size, 126 slices, 1 mm isotropic voxels, and 2 mins 13 s acquisition time.

The GRE dual-echo fieldmap data acquisition was: gradient echo, 2DFT readout,

dual echo TE1/TE2 = 4.92/7.38 ms, TR = 550 ms, 46° flip angle, 90× 90 in-plane

matrix size, 56 slices, 2 mm isotropic voxels, and 1 min 40 s acquisition time.

The noxious-response fMRI data acquisition was: T2* BOLD-weighted, gradient

echo, EPI readout, 70° flip angle, TE = 50 ms (Goksan et al., 2017), TR = 1,300

ms, multiband 4 (Moeller et al., 2010; Xu et al., 2013), 90 × 90 in-plane matrix

size, 56 slices, 2 mm isotropic voxels, AP phase encode direction, a single-band

reference (SBref) image was acquired at the start, and the mean acquisition time

was approximately 6 min (approximately 277 volumes).

The rs-fMRI data acquisition was: T2* BOLD-weighted, gradient echo, EPI

readout, 70° flip angle, TE = 50 ms, TR = 1,300 ms, multiband 4, 90 × 90 in-

plane matrix size, 56 slices, 2 mm isotropic voxels, AP phase encode direction, a

single-band reference (SBref) image was acquired at the start, and the acquisition

time was 10 mins 50 s (500 volumes).

The dMRI data acquisition was: T2 diffusion-weighted, spin echo, EPI readout,

90° flip angle, TE = 73 ms, TR = 2,900 ms, multiband 3, 102× 102 in-plane matrix

size, 60 slices, 1.75 mm isotropic voxels, AP phase encode direction, multishell (b500,

b1000, b2000), 13 b0 volumes, a total of 140 directions uniformly distributed over the

whole sphere (b500×20, b1000×50, b2000×70 directions), and approximately 8 mins

acquisition time. For distortion correction of the diffusion data, a blip-up/blip-down

spin-echo-derived fieldmap was constructed from phase-reversed b0 images. Thirteen
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AP/blip-down b0 images were interspersed in the diffusion data acquisition, and eight

PA/blip-up b0 images were acquired in a separate acquisition immediately after.

4.2.4 MRI data preprocessing

The T2 structural and GRE dual-echo fieldmap data were preprocessed as described

in Section 3.2.4. In brief, the structural data were processed (brain extraction, bias

field correction, and tissue segmentation) using the MIRTK Draw-EM neonatal

pipeline (Makropoulos et al., 2014), which is the tool forming the basis of the dHCP

structural preprocessing pipeline (Makropoulos et al., 2018). The fieldmap data

were processed using a modified version of fsl_prepare_fieldmap.

Both the noxious-response fMRI and rs-fMRI data were preprocessed using an

extended version of the dHCP fMRI preprocessing pipeline (Baxter et al., 2019;

Fitzgibbon et al., 2019) (also Chapter 3). The functional data were simultane-

ously corrected for motion and distortion using FSL’s EDDY (Andersson et al.,

2016; Andersson and Sotiropoulos, 2016). Volume-to-volume and slice-to-volume

alignments corrected for inter- and intra-volume motion, respectively (Andersson

et al., 2017). Estimated dynamic distortion correction, using a GRE dual-echo

fieldmap, corrected for both susceptibility-induced off-resonance and susceptibility-

by-movement distortions (Andersson et al., 2018). Noxious-response fMRI data

were high-pass temporally filtered at 0.01 Hz, and rs-fMRI data at 0.005 Hz.

Data were then denoised using FSL’s FIX (Griffanti et al., 2014; Salimi-Khorshidi

et al., 2014) to remove both noise independent components and 24 head motion

parameter timeseries. Data were low-pass spatially filtered with a 3 mm FWHM

filter using FSL’s SUSAN (Smith and Brady, 1997), then grand mean scaling to a

global spatiotemporal median of 10,000. For spatial normalisation to the neonatal

standard space (Schuh et al., 2018), the data were first registered from functional

space to the infant’s T2 structural space, via the SBref, using 6 degrees of freedom

(DOF) rigid-body alignment, refined using BBR (Greve and Fischl, 2009) with FSL’s

FLIRT (Jenkinson and Smith, 2001; Jenkinson et al., 2002). The registration from

structural space to an age-matched standard template, and from this age-matched
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standard template to the global standard 40-week template (Schuh et al., 2018)

was performed using ANTs’s SyN (Avants et al., 2008).

The diffusion data were analysed using the dHCP dMRI preprocessing pipeline

(Bastiani et al., 2019). A non-insignificant aspect of the current study involved the

implementation of this novel preprocessing pipeline. The blip-up and blip-down b0

images were used to generate the fieldmap using FSL’s TOPUP (Andersson, Skare,

and Ashburner, 2003; Smith et al., 2004). The diffusion data were simultaneously

corrected for motion, distortion, and eddy currents using FSL’s EDDY. As with the

functional data, the motion correction involves both volume-to-volume and slice-to-

volume alignment, and the distortion correction involves both susceptibility-induced

off-resonance and susceptibility-by-movement corrections. Similar to the functional

data analysis, spatial normalisation involved first registering from diffusion space

to the infant’s structural space using 6 DOF rigid-body alignment, refined using

BBR with FSL’s FLIRT. The registration from structural space to an age-matched

standard template, and from this age-matched standard template to the global

standard 40-week template is performed using ANTs’s SyN.

4.2.5 Noxious-response maps and amplitudes

For each infant, a noxious-response map was generated using standard subject-

level voxelwise GLM analysis in FSL’s FEAT (Jenkinson et al., 2012). This GLM

analysis included FEAT’s default prewhitening (Woolrich et al., 2001), 0.01 Hz

high-pass temporal filtering, and fitting of the term-neonate double-gamma HRF

(Arichi et al., 2012; Baxter et al., 2019), as described in Chapter 3. Using the 18

infants’ noxious-response regression parameter maps, a group average t-statistic

map was generated. Individual infants’ regression parameter maps were used as

the subject-level noxious-response maps; the group-average t-statistic map was

used as the group-level noxious-response map. To summarise an individual infant’s

noxious-response map (regression parameter map) to a single scalar measure of

noxious-response amplitude, the group-level noxious-response map was regressed
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onto the infant’s noxious-response map. This spatial regression coefficient was

used as the infant’s noxious-response amplitude.

To assess each infant’s HRF goodness-of-fit, peristimulus timeseries plots were

constructed using the default method in FSL’s FEAT. In brief, the ROI used was

the noxious-response map voxel with largest z-statistic (both positive and negative).

All raw time points from individual trials are presented along with their mean

timeseries and the mean HRF timeseries. The mean raw timeseries and mean HRF

timeseries were visually inspected to assess HRF fit quality.

4.2.6 Resting-state network maps and amplitudes

To identify a robust set of core resting-state networks in the infants’ rs-fMRI

data, identified resting-state networks were compared to those identified in a

subset of the dHCP dataset, which had previously been produced as part of

the Develop Human Connectome Project (Fitzgibbon et al., 2018) (http://www.

developingconnectome.org). A robust set of core resting-state networks was

defined as those consistently identified across both datasets. The dHCP rs-fMRI

data were acquired as described in Price et al., 2015 and Hughes et al., 2017, the

data were preprocessed and resting-state network analysis performed as described in

Fitzgibbon et al., 2019. The dHCP data-subset analysed to produce the resting-state

network maps used in this study included 242 healthy term-aged infants: mean

GA at birth = 38.6 weeks; mean PMA at scan = 40.4 weeks; 112 females and

124 males. The resting-state network analysis performed on the local dataset was

closely matched to that described for the dHCP dataset (Fitzgibbon et al., 2019).

In brief, probabilistic functional mode (PFM) analysis using FSL’s PROFUMO

(Harrison et al., 2015; Harrison et al., 2019) was run on both datasets with a

pre-specified dimensionality of 25, and using the infant double-gamma HRF (Arichi

et al., 2012; Baxter et al., 2019) as the temporal prior.

Similar to ICA, PFM is a matrix factorisation method that decomposes the fMRI

data into modes of spatial and temporal patterns. However, PFM does not impose

spatial independence, and using a Bayesian approach, allows the incorporation

http://www.developingconnectome.org
http://www.developingconnectome.org
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of the infant double-gamma HRF as a temporal prior to identify modes with

BOLD-like timeseries. The group-level PFM modes are also directly informed

by subject-level modes, as both levels are modelled simultaneously, so the PFM

group-level networks are typically more representative of the individual subject

data than standard temporal concatenation group-ICA analysis. In order to achieve

functional correspondence between the PFM group-level and subject-level maps, a

PFM mode only appears at the group-level if it is identifiable in the majority of the

individual infant’s data. The PROFUMO Bayesian model complexity penalties can

thus eliminate modes, returning a number of group-level modes that can be less than

the pre-specified dimensionality. In summary, the data-determined dimensionality

can be less than the pre-specified dimensionality.

As will be described in Section 4.3.2, the dHCP resting-state network maps

had greater SNR due to the significantly larger sample size. Thus, the dHCP

resting-state network maps forming the robust set of core resting-state networks

were used as the template maps to extract resting-state network amplitudes from

our local dataset rs-fMRI data. These network maps were spatially regressed onto

each infant’s resting-state functional data using multiple regression, resulting in

network timeseries. To quantify the resting-state network amplitudes from these

timeseries, the typical metric used is the standard deviation, which is the default in

FSL’s FSLNets (Smith et al., 2011). However, the standard deviation is sensitive

to outliers, which in this context, appear as timeseries spikes typically reflecting

subject head motion. The presence of timeseries outliers was directly tested using

the “quartiles method”: outliers defined as values more than 1.5 interquartile ranges

above the upper quartile or below the lower quartile. Despite the advanced motion

and distortion correction and bespoke FIX denoising during preprocessing, all 18

infants had one or more network timeseries that included outliers – see Figure

4.4, outliers displayed in red. For this reason, resting-state network amplitudes

were quantified using the median absolute deviation (MAD), due to the MAD’s

increased robustness to outliers.
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4.2.7 Non-functional variables and fMRI imaging confounds

In addition to testing the association between noxious-response amplitudes and

resting-state network amplitudes, associations with noxious-response amplitudes

were also assessed for a set of resting-state imaging confounds and a set of non-

functional variables. Testing the resting-state imaging confounds directly assessed

whether functional coupling between resting-state and noxious-response activities

could be explained by unwanted confound variables. In contrast, testing the non-

functional variables assessed whether functional coupling between resting-state and

noxious-response activities could be explained by biologically interesting mediator

variables. When testing the association between noxious-response amplitudes and

resting-state network amplitudes, the resting-state network amplitudes were adjusted

for the resting-state imaging confounds. Similarly, the noxious-response amplitudes

were adjusted for a set of noxious-response imaging confounds. The nature of

and method for quantifying the non-functional variables, resting-state imaging

confounds, and noxious-response imaging confounds is outlined below. Infant age is

also discussed for its role as both an interesting non-functional mediator variable

and an unwanted non-functional confound variable.

The set of non-functional variables included six metrics: postmenstrual age

(PMA), gestational age (GA), postnatal age (PNA), birth weight (BW), total brain

volume (TBV), and sex. These metrics are displayed in Table 4.1. The TBV was

calculated from the infants’ structural MRI data using the tissue segmentation

outputs of the structural preprocessing pipeline.

The set of resting-state imaging confounds included three metrics extracted from

each infant’s rs-fMRI data: mean head motion, CSF signal amplitude, and white

matter signal amplitude. Mean head motion was defined as the mean framewise

displacement across the entire rs-fMRI scan. The CSF amplitudes were included to

attempt capturing cross-subject variability in residual cardiac pulsatility signal that

may remain post-FIX denoising (Eklund, Knutsson, and Nichols, 2019). The white

matter amplitudes were included to attempt capturing cross-subject variability in

global signal amplitudes, considering global signals contaminate rs-fMRI data and



4. Predicting the infant haemodynamic response 109

are not removed by any of the preprocessing steps performed in this study (Glasser

et al., 2018). To produce CSF and white matter signal timeseries with minimal

partial volume contamination, conservative region-of-interest (ROI) masks were

defined using the neonatal template atlas (Schuh et al., 2018) (Supplementary Figure

B.1). Mean timeseries were extracted, and amplitudes quantified as the timeseries

MAD values. These three resting-state imaging confounds were directly tested

for association with noxious-response amplitudes, and used for confound-adjusting

the resting-state network amplitudes.

The set of noxious-response imaging confounds included three metrics extracted

from each infant’s noxious-response fMRI data: mean head motion, stimulus-

correlated head motion, and CSF signal amplitude. Mean head motion was defined

as the mean framewise displacement across the entire noxious-response fMRI scan.

Due to the experimenter control of the experimental pinprick application timing,

an additional stimulus-correlated head motion metric could be estimated. This was

highly relevant given the noxious nature of the stimulus, and infants’ inability to

suppress motion in response to noxious stimulation, which can result in instances

of strong stimulus-correlated head motion (see Figure 3.3A and 3.8 for a clear

example). Stimulus-correlated head motion was estimated as a multiple correlation

coefficient z-statistic (Fisher r-to-z transformation) between the predicted BOLD

response (stimulus application timeseries convolved with the HRF) and the 24

head motion parameter timeseries (estimated by EDDY during motion correction).

Finally, CSF amplitude was estimated from each infant’s noxious-response map

(regression coefficient map) as the mean regression coefficient within the CSF ROI.

These three noxious-response imaging confounds were used for confound-adjusting

the noxious-response maps and amplitudes.

While postmenstrual age (PMA) is a biologically interesting non-functional

variable, there are also several MRI imaging confounds that correlate with PMA.

As PMA increases, both brain volume and cortical gyrification increase, and brain

tissue composition and contrast also change. In the context of MRI, these effects can

result in cross-infant variability in partial volume effects and spatial normalisation
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quality that correlate with PMA. As part of the assessment of the non-functional

variables, the biological value of age as a potential mediator variable for functional

coupling between resting-state and noxious-response activities was assessed. As

will be described in the results, the 18 infants’ noxious-response amplitudes were

directly correlated with age (PMA, GA, and PNA). No statistically significant

correlations or trends toward significance were observed between noxious-response

amplitudes and any age metric (see top row of Supplementary Figure B.3). Age was

thus deemed unlikely to be an important mediator of potential functional coupling

between resting-state and noxious-response activities in this sample of neonates.

It is also worth noting that the current study was cross-sectional in design, and

the current sample had a relatively narrow age-range: comparing infant PMA at

time of scan, the youngest and oldest infant differ by only 40 days; comparing

infant PNA at time of scan, the youngest and oldest infant differ by only 10 days.

While the relationship between age and noxious-response amplitudes was tested

at several points in this study, in several of the other analyses performed, age is

adjusted for in order to weaken potential age-related confound effects. When and

how age is adjusted for will be described explicitly.

4.2.8 Predicting noxious-response amplitudes

In this prediction analysis, the responses to be predicted were the infants’ noxious-

response amplitudes (defined in Section 4.2.5). Three sets of predictors were tested

for predictive capacity: the set of nine resting-state network amplitudes (defined in

Section 4.2.6), the set of six non-functional variables (defined in Section 4.2.7), and

the set of three resting-state imaging confounds (defined in Section 4.2.7). For all

three sets of predictors, a support vector regression (SVR) model with a linear kernel

was used. Linear SVR was selected over a linear regression via ordinary least squares,

due to SVR’s greater robustness to outliers: the OLS linear regression uses an L2 loss

function taking the square of the error, while SVR uses an L1 loss function taking

the absolute value of the error. Out-of-sample predictions were generated using

leave-one-out cross validation (LOO-CV). The noxious-response amplitudes were
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confound-adjusted for the three noxious-response imaging confounds (mean head

motion, stimulus-correlated head motion, and CSF amplitude). When generating

predictions using the resting-state network amplitudes, this set of predictors was

confound-adjusted for PMA and the three resting-state imaging confounds (mean

head motion, CSF amplitude, and white matter amplitude).

The linear SVR model was fit in Python using scikit-learn packages (Pedregosa

et al., 2011), with all steps performed in a LOO-CV manner. Confound adjust-

ment of the resting-state network amplitudes and noxious-response amplitudes

were performed using cross-validated confound regression, implemented using the

publicly available code by Lukas Snoek (https://github.com/lukassnoek/MVCA),

as described in the author’s article (Snoek, Miletić, and Scholte, 2019). Responses

were z-scaled using training set means and standard deviations. PCA was used

on the resting-state network amplitude predictors to improve SNR, retaining 98%

variance (generally the first seven components). The scikit-learn SVR parameters

were: kernel = linear, loss function = epsilon insensitive, epsilon = 0.1, regu-

larization = ridge, regularization strength = {0.001, 0.01, 0.1, 1}. Optimisation

of the regularization strength parameter was performed using a grid search over

this set of values. Regularisation tuning and SVR model training were optimised

to minimise mean squared error.

The prediction accuracy was assessed using three summary metrics: root

mean squared error (RMSE), sums-of-squares formulation of the coefficient of

determination (R2), and Spearman’s rank correlation coefficient (RSp). The RMSE

was selected as the primary metric of prediction accuracy, as it directly quantifies

the error (the difference between predicted and actual observed values), and it is in

original units. The R2 was also reported, as its value is easily related to the success

of the predictions. Unlike a coefficient of determination derived from squaring

the Pearson correlation coefficient, this sums-of-squares formulation has a range

of −∞ < R2 ≤ 1. R2 is interpreted as the proportion of the total variation of the

response (about its mean) that is accounted for by the fitted model, and R2 can be

negative when a model misspecification is used or a model fitting technique other

https://github.com/lukassnoek/MVCA
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than linear least squares regression, such as a robust regression method, is used

for data with outliers (Kvalseth, 1985). The RSp between predicted and observed

noxious-response amplitudes was also reported. While RSp is not informative about

additive or proportional differences between observations and predictions, it may

be valuable to know a model’s ability to correctly rank infants’ noxious-response

amplitudes, on a relative scale, from lowest to highest. To test the statistical

significance of the RMSE, R2, and RSp measures using null hypothesis testing,

one-tailed significance tests were performed using permutation analysis, running

1,000 permutations through the full prediction pipeline.

4.2.9 Validating resting-state-based predictions

The SVR prediction analysis is relatively computationally complex, due to the need

to maintain independence between training and test sets throughout e.g. using

confound regression, using PCA on predictors, and standardising responses. If the

LOO-CV procedure does not encompass all operations applied to the data, leakage

between training and test sets can occur inflating measures of prediction accuracy

(Poldrack, Huckins, and Varoquaux, 2019). In order to test for associations between

noxious-response amplitudes and the three sets of predictors in a computationally

simpler manner without LOO-CV, a traditional multiple linear regression (MLR)

mapping analysis was performed. An MLR model was fit in a whole-dataset manner

assessing association between predictors and responses. Unlike the SVR analysis, the

MLR analysis was not used to generate predictions but was provided to complement

the SVR prediction analysis. This MLR mapping analysis was performed using the

18 infants’ noxious-response maps. The global null hypothesis between predictors

and responses was tested in a whole-brain voxelwise manner using non-parametric

combination (NPC) analysis (Winkler et al., 2016) with FSL’s PALM (Winkler

et al., 2014). Similar to the prediction analyses, all mapping analyses were adjusted

for the three noxious-response fMRI imaging confounds, and only the resting-state

network amplitude analysis was adjusted for PMA and the three resting-state

imaging confounds. All NPC permutation analyses involved 10,000 permutations,
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and results were thresholded using TFCE (Smith and Nichols, 2009) with default

parameters and FWER-corrected for multiple testing. Both unthresholded and

thresholded maps are provided. For thresholded results, final significance level

thresholds used are mentioned as appropriate.

Owing to the observation of robust functional coupling between resting-state and

noxious-response activities in both the SVR prediction and MLR mapping analyses,

the nature of the relationship between the infants’ noxious-response amplitudes (the

scalar values) and resting-state network amplitudes was further assessed. The poten-

tial for an artefactual global signal present throughout the brain in both the resting-

state and noxious-response runs could cause artefactual similarities between an

infant’s noxious-response and resting-state network amplitudes. Univariate Pearson

correlation analyses were performed between the noxious-response amplitudes and

each individual resting-state network amplitude to test for global or network-specific

associations. The statistical significance of these correlations was assessed using

two-tailed permutation tests with 10,000 permutations and results FWER-corrected

for multiple testing using PALM (Winkler et al., 2014; Winkler et al., 2016).

4.2.10 Relating noxious-response amplitude to white mat-
ter microstructure

Examining structure-function relationships is a central neuroscientific endeavour

to reveal the relationship between a subject’s brain activity and behaviour and

their brain’s structural architecture. In this study, the infant’s noxious-response

amplitudes were assessed for structure-function associations through analysing white

matter microstructure. This analysis was also valuable for assessing the temporal

stability of the infants’ noxious-response amplitudes. Considering the relative

temporal stability of white matter microstructure and its insensitivity to infant

wakefulness and emotional state, an observed structure-function relationship would

suggest the noxious-response amplitudes were also temporally stable trait effects,

rather than temporally transient state effects. The infants’ dMRI data were used to

assess structure, due to the T2 structural images not being of high enough quality;

additionally, temporal stability was assessed using structure-function association
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rather than looking at stability across multiple test occasions, as infants could

only be tested on a single occasion.

White matter microstructural complexity was quantified as mean kurtosis

(MK) using FSL’s DTIFIT (Jenkinson et al., 2012) as part of the dHCP dMRI

preprocessing pipeline (Bastiani et al., 2019). MK quantifies the heterogeneity of the

diffusion environment or diffusional complexity, and was selected for its sensitivity

to both isotropic and anisotropic diffusion barrier effects, as well as its ability to

accurately quantify diffusional complexity in white matter regions with complex

fibre orientations, such as crossing-fibre arrangements (Jensen et al., 2005; Jensen

and Helpern, 2010; Steven, Zhuo, and Melhem, 2014). The relationship between

noxious-response amplitudes and MK was assessed in a whole-brain voxelwise

manner using tract-based spatial statistics (TBSS) (Ball et al., 2010; Smith et al.,

2006). The TBSS white matter skeleton was generated from the infants’ FA maps

using a threshold of 0.15 (Ball et al., 2010). Permutation analysis was performed

using FSL’s PALM with 10,000 permutations, thresholded using TFCE with default

parameters (for 2D data), and FWER-corrected for multiple comparisons. Similar

to analyses associating noxious-response amplitude to resting-state activity, the

TBSS analysis was confound-adjusted for PMA and the three noxious-response

imaging confounds. Two additional diffusion imaging confounds were also adjusted

for: mean head motion and total brain volume (TBV). The mean head motion

values were calculated from the outputs of EDDY, and the TBVs were estimated

from the infants’ structural image tissue segmentations (see Table 4.1). MK-based

quantification of microstructural complexity is influenced by white matter fibre

packing density, so adjustment for TBV was included to remove density confounds

due to global brain volume variance across infants.

Variability in MK can reflect differences in isotropic tissue barriers caused by

variable extracellular matrix complexity and intracellular organelle proliferation, to

which the most commonly used diffusion parameter, fractional anisotropy (FA), is

insensitive (Suzuki et al., 2003; Jensen and Helpern, 2010). However, variability

in MK can also reflect differences in fibre myelination, fibre density, and fibre
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dispersion to which the FA parameter is indeed sensitive. To aid the biological

interpretation of the MK-based TBSS results, the white matter skeleton region

identified as exhibiting statistically significant associations between noxious-response

amplitudes and MK was used to perform an ROI analysis for four diffusivity-based

parameters: mean diffusivity (MD), fractional anisotropy (FA), axial diffusivity

(AD), and radial diffusivity (RD). These diffusivity-based parameters were projected

onto the TBSS skeleton for this ROI analysis. Due to the poor association between

noxious-response amplitudes and these parameters, the correlation polarity (positive

or negative) was tentatively used to facilitate interpretation. For example, a positive

correlation between noxious-response amplitudes and both MK and FA would be

interpreted as indication increasing response amplitude with increasing fibre density

or myelination; and a positive correlation between noxious-response amplitudes

and MK coupled with a negative correlation between noxious-response amplitudes

and FA would be interpreted as indication increasing response amplitude with

increasing fibre dispersion. However, these diffusivity-based parameters have limited

sensitivity and interpretability in white matter regions with complex fibre orientation

arrangements, such as crossing fibres in the centrum semiovale.

4.3 Results

4.3.1 Quantifying noxious-response amplitudes

The 18 infants’ noxious-response maps (regression parameter maps) were combined

to produce the group average t-statistic map i.e. the group-level noxious-response

map (Figure 4.1A). This group-level noxious-response map (t-statistic map) was

spatially regressed onto each infant’s noxious-response map (regression parameter

map) to produce a spatial regression coefficient representing the amplitude of each

infant’s response to the nociceptive input. Each infant’s noxious-response map and

associated amplitude are presented in Figure 4.1B. While 3 of the 18 infants showed

negative BOLD responses, the majority of infants (15 out of 18) showed a wide-range

of positive responses. Visual inspection revealed differences among infants in the

functional topography of the activity pattern, but the dominant feature was differing
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response amplitudes. Peristimulus timeseries plots for each infant were visually

inspected for HRF goodness-of-fit (Figure 4.2). The fits were deemed appropriate,

and there was no visible lag effect or other issue to suggest the positive or negative

BOLD responses were inappropriate. The subject-level noxious-response amplitudes

in 4.1B were the targets to be predicted from resting-state activity in this study.

-0.87 -0.75 -0.09 0.04 0.23

0.82

0.31

1.08 1.09 1.16

5.60

1.40 2.17

2.83 2.92 3.35 3.613.57

(B) Subject-level noxious-response maps and amplitudes

(A) Group-level noxious-response map

Figure 4.1: Noxious-response maps and amplitudes. For all activity maps, the stimulus
was ten trials of a mild experimental pinprick to the left foot. The noxious-response
activity was modelled using an infant double gamma HRF. Red-yellow indicates positive
values, blue-cyan indicates negative values, and the accompanying grey scale images are
the 40-week standard space infant template to provide an anatomical reference. (A)
The group-level noxious-response map was the group average t-statistic map. Largest
values, and thus strongest weights, were generally localised to primary somatosensory and
motor cortices as well as somatosensory thalamus. (B) The subject-level noxious-response
maps were the regression parameter maps. The scalar value below each map indicate the
infant’s noxious-response amplitude, which was quantified as the regression coefficient of
the group-level noxious-response map regressed onto the infant’s subject-level noxious-
response map. Maps are ordered from left-to-right and top-to-bottom based on these
noxious-response amplitudes.

4.3.2 Quantifying resting-state network amplitudes

In the PFM analysis of both the local dataset (n = 18) and dHCP dataset (n

= 242), a dimensionality of 25 modes was pre-specified. In the dHCP dataset, a
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Figure 4.2: HRF peristimulus timeseries plots. The timeseries plots for all 18 infants
are displayed in identical order to Figure 4.1B. Timeseries plots follow the FSL FEAT
format: timeseries are from a single voxel with largest z-statistic. For all plots, the x-axis
(time in seconds) runs from 0 to 25, where t = 0 s is the point of stimulus delivery, and
the minimum inter-stimulus interval is 25 s. The y-axis is arbitrarily scaled to blue curve
(HRF fit) peak equals one. Light grey circles are individual timepoints from all 10 trials,
the solid grey line is the trial average timeseries, and the solid blue line is the HRF fit to
the data. Using the noxious-response network amplitudes, infants 1 – 3 were identified as
having negative BOLD responses, and infants 4 – 18 were identified as having positive
BOLD responses. Infants with substantial BOLD stimulus responses have reasonable
HRF fits to the data for both positive and negative BOLD responses. There appears to
be no indication that either the negative or positive BOLD responses to the stimulus are
an artefact of inaccurate HRF fit to the data.
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full 25 modes were identified; in the local dataset, 11 modes were identified. Of

these 11 modes, nine were highly consistent with those identified in the dHCP

dataset, and these were taken as the set of replicable core neonatal resting-state

networks (Figure 4.3A). Pearson correlation coefficients between matched networks

were generated using unthresholded maps (mean = 0.78; range = 0.63 – 0.90). Of

these nine resting-state networks, three types of sensory and motor networks were

identified, which included two visual, two auditory, and two somatomotor networks.

In addition, three cognitive networks were identified, which included the default

mode, dorsal attention, and executive control networks.

Due to the higher SNR of the dHCP maps, these were used to quantify the nine

resting-state network amplitudes for each infant. The nine networks’ timeseries were

plotted per infant and outlier values highlighted (Figure 4.4). Outliers were present

in all infants, motivating the quantification of network activity amplitude using

the median absolute deviation (MAD) rather than the standard deviation, due to

MAD’s greater robustness to outliers. The nine resting-state network amplitudes

per infant, displayed in Figure 4.3B, were the resting-state features used to predict

the infants’ noxious-response amplitudes.

4.3.3 Predicting noxious-response from resting-state

The infants’ resting-state network amplitudes were able to predict the noxious-

response amplitudes with statistically significant accuracy: RMSE = 1.54, p =

0.001 (Figure 4.5 left). See Table 4.2 for prediction accuracy assessed using R2

and RSp. Neither the resting-state imaging confounds nor the non-functional

variables were able to predict the infants’ noxious-response amplitudes (Figure

4.5 middle and right; Table 4.2).

Using the computationally simpler multiple linear regression mapping approach,

results were consistent with the prediction analysis (Figure 4.6). The resting-

state network amplitudes were significantly associated with widespread cortical

and subcortical regions, while no significant association was observed for either

the resting-state imaging confounds or the non-functional variables, even with
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(A) Group-level resting-state network maps

(B) Subject-level resting-state network amplitudes
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Figure 4.3: Resting-state network maps and amplitudes. (A) Nine resting-state networks
were identified across two independent datasets using PFM: “Local” maps were generated
using the noxious-response infant cohort (n = 18), “dHCP” maps were generated using a
subset of healthy term infants from the dHCP dataset (n = 242). The scalar quantities
are the spatial Pearson correlation coefficients between the matched unthresholded maps.
Maps are arbitrarily thresholded for illustrative purposes. VNm = medial visual network;
VNop = occipital pole visual network; ANr = right auditory network; ANl = left auditory
network; SMN = somoatomotor network; DMN = default mode network; DAN = dorsal
attention network; ECN = executive control network. (B) Each plot contains the nine
resting-state network amplitudes (blue circles) for a single infant, where network timeseries
were extracted using the dHCP resting-state network maps as network templates, and
amplitudes were quantified as timeseries MADs. In all plots, the x-axis is the nine
resting-state networks in identical order to that presented in (A), and the y-axis is the
network MAD amplitudes. The 18 plots are arranged in identical order to that in Figure
4.1B.
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Figure 4.4: Resting-state network timeseries and outliers. The timeseries plots for all
18 infants are displayed in identical order to Figure 4.1B. For each infant’s plot, the
timeseries for all nine resting-state networks are plotted superimposed (blue), with the
x-axis representing time in volumes (500 in total). Each individual network timeseries has
been zero-centred around its median and scaled to have unit interquartial range (IQR),
with the y-axis representing this centred and scaled signal amplitude. Outliers were
identified for each network timeseries individually using the “quartiles method”: outliers
defined as values more than 1.5 interquartile ranges above the upper quartile or below
the lower quartile. Outliers are highlighted in red. All 18 infants’ network timeseries
included outliers, motivating the use of a measure of data spread that is robust to outliers
in order to quantify network activity amplitude. For this reason, resting-state network
amplitudes were quantified using the median absolute deviation (MAD), instead of the
more commonly used standard deviation.
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Figure 4.5: Noxious-response amplitude prediction plots. For all plots, each blue dot
represents an out-of-sample prediction for a single infant (n = 18). The x-axis is the
observed noxious-response amplitudes, the y-axis is the predicted amplitudes, and the grey
dashed line is the y = x line along which perfect predictions would lie. Predictions were
made using three sets of predictors: resting-state network amplitudes (RSNA), resting-
state imaging confounds (RSIC), and non-functional variables (NFV). RSNA included the
nine network amplitudes in Figure 4.3. RSIC included mean head motion displacement,
mean CSF timeseries amplitude, and mean white matter timeseries amplitude, all extracted
from the resting-state scan. NFV included postmenstrual age, gestational age, postnatal
age, birth weight, total brain volume, and sex (Table 4.1). Of the three sets of predictors,
only the resting-state network amplitudes produced statistically significantly accurate
predictions (see Table 4.2).

Table 4.2: Noxious-response amplitude prediction accuracies. Each row is the results
for a specific set of predictors: RSNA = resting-state network amplitudes; RSIC =
resting-state imaging confounds; NFV = non-functional variables. Each column is the
prediction accuracy assessed using a specific metric: RMSE = root mean squared error;
R2 = coefficient of determination (sums-of-squares formulation); RSp = Spearman’s rank
correlation coefficient. P-values are presented in parentheses. * = statistically significant.
Of the three sets of predictors, only the resting-state network amplitudes produced
statistically significantly accurate predictions.

RMSE R2 RSp

RSNA 1.54* (0.001) 0.64* (0.001) 0.77* (0.002)
RSIC 2.46 (0.60) 0.081 (0.60) 0.14 (0.40)
NFV 2.71 (0.47) -0.12 (0.47) 0.0031 (0.51)
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the significance level lowered to 0.1. The consistency of these results suggests

that the ability to predict noxious-response amplitudes from resting-state network

amplitudes was not an artefact of the prediction analysis pipeline, such as leakage

between training and test sets.

RSNA

RSIC

NFV

Unthresholded Thresholded

p < 0.05

p < 0.1

p < 0.1

Figure 4.6: Noxious-response amplitude regression maps. The relationship between
three sets of predictors and infants’ noxious-response maps was assessed via multiple
linear regression using NPC. For all maps, red-yellow represents −log10(p-values). The
three sets of predictors were RSNA = resting-state network amplitudes (row 1), RSIC =
resting-state imaging confounds (row 2), NFV = non-functional variables (row 3). The left
column displays the spatial patterns of −log10(p-values) unthresholded and unadjusted
for multiple testing. The right column displays the spatial patterns of −log10(p-values)
thresholded using TFCE with default parameters and adjusted for multiple testing using
FWER. The RSNA p-values are thresholded at the typical significance level of p < 0.05,
while the RSIC and NFV p-values are thresholded at the more liberal significance level of
p < 0.1. Despite the liberal threshold for RSIC and NFV, only the RSNA set of predictors
resulted in statistically significant associations, which were widespread in both cortical
and subcortical regions. These NPC mapping results reflect the SVR prediction results.

Univariate correlation analysis between noxious-response amplitudes and in-

dividual resting-state network amplitudes revealed the coupling between noxious-

response and resting-state activities was network-specific. Significant positive

correlations existed with the somatomotor network (SMN) and the occipital pole

visual network (VNop) (Figure 4.7), meaning infants with larger resting-state

SMN and VNop amplitudes exhibited larger haemodynamic response amplitudes
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to nociceptive input. This network-specificity suggests the prediction results were

not a result of an artefactual global signal present throughout the brain in both

the resting-state and noxious-response runs. The Pearson correlation results for

all nine resting-state network amplitudes are displayed in Supplementary Figure

B.2, corrected for multiple testing.
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Figure 4.7: Network-specificity in functional coupling between resting-state and noxious-
response activities. Of the nine resting-state network amplitudes, only the somatomotor
network (SMN) and occipital pole visual network (VNop) were statistically significantly
associated with infants’ noxious-response amplitudes. All correlations were FWER-
corrected for multiple testing. For both networks, strong positive correlations existed: r =
0.66 (p = 0.025) for SMN, and r = 0.72 (p = 0.0052) for VNop. Thus, infants with larger
SMN and VNop activity amplitudes at rest exhibited larger haemodynamic responses to
nociceptive input.

Taken together, the network-specificity of the resting-state network relationship

and the lack of a relationship for the resting-state imaging confounds strongly suggest

that the newborn infant brain exhibits robust functional coupling between resting-

state and noxious-response activities mediated by commonalities in haemodynamic

fluctuation amplitudes. The lack of association between noxious-response amplitudes

and the non-functional variables means the observed functional coupling cannot

be explained by an infant’s age, birth weight, brain volume, or sex. The Pearson

correlation results for all six non-functional variables are displayed in Supplementary

Figure B.3. The p-values presented are uncorrected for multiple testing to clarify

that the lack of association was not the result of a statistical correction.

For completeness, the univariate Pearson correlation results between noxious-

response amplitudes and individual resting-state imaging confounds are displayed



4. Predicting the infant haemodynamic response 124

in Supplementary Figure B.4. Similar to the non-functional variables above, no

correlation was statistically significant. The p-values presented are uncorrected for

multiple testing to clarify that the lack of association was not the result of a

statistical correction.

4.3.4 Relating noxious-response amplitude to white matter
microstructure

The infants’ noxious-response amplitudes were significantly positively correlated

with underlying white matter microstructural complexity (Figure 4.8A). This was

established using a whole-brain voxelwise TBSS analysis with microstructural

complexity quantified using mean kurtosis (MK). The association was restricted

to the primary somatomotor projection tracts of the right centrum semiovale,

meaning infants with greater white matter complexity in this region exhibited larger

haemodynamic response amplitudes to nociceptive input. This result suggests two

points. First, this observed structure-function relationship suggests that the size of

an infant’s cerebral haemodynamic response to nociceptive input is related to their

brain’s structural architecture. Second, this association with underlying temporally

stable brain structure suggests the noxious-response amplitudes observed in this

study were also temporally stable trait effects, rather than temporally transient

state effects related to wakefulness and emotional state.

MK values can increase with increasing fibre density and myelination as well

as with increasing fibre dispersion. To aid in disambiguating these possible

interpretations, the noxious-response amplitudes were correlated with diffusivity-

based parameters extracted from the region defined by the association with MK

(the region outlined in Figure 4.8A). The four commonly studied diffusivity-based

parameters that were assessed were mean diffusivity (MD), fractional anisotropy

(FA), axial diffusivity (AD), and radial diffusivity (RD) (Figure 4.8B). While none

of the Pearson correlations between noxious-response amplitudes and diffusivity

parameters were statistically significant, the polarity of the correlations suggested

that the underlying effect may be partially due to increasing fibre density and/or

myelination. MD had a negligible correlation coefficient (r < 0.001), both FA and AD
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had positive correlation coefficients (r = 0.22 and r = 0.18, respectively), and RD had

a minor negative correlation coefficient (r = −0.07). Diffusivity-based parameters

assessing directionality (FA, AD, and RD) have particularly limited sensitivity and

interpretability in white matter regions with complex fibre orientation arrangements,

such as crossing fibres. It was suggested that this would be particularly pertinent in

the centrum semiovale. Given the region in which the association between noxious-

response amplitude and MK exists was the centrum semiovale, the overlap between

this region and fibre orientation complexity is explicitly demonstrated in Figure

4.9. The MK-outlined region overlaps sections of the centrum semiovale with a

strong presence of multiple fibre orientations, limiting the sensitivity of directional

diffusivity measures to possible structure-function relationships.

4.4 Discussion

Newborn infants lack the capacity of verbal communication, and their brief postnatal

medical history further limits availability of information to guide effective pain

management strategies during their stay in hospital. The high degree of uncertainty

regarding an infant’s pain experience and vulnerability often results in pain going

under-detected and under-treated (Roofthooft et al., 2014). In this study, the

central aim was to identify novel features that could be used to predict how an

infant responds to a noxious event. Using a cohort of healthy newborn infants,

the amplitude of the cerebral haemodynamic response to a mild experimental

noxious stimulus was measured using fMRI. Infants’ unique spontaneous brain

activity, measured using rs-fMRI, and white matter microstructural architecture,

measured using dMRI, were analysed to identify novel neural correlates of the

noxious-response amplitudes. These data revealed that infants exhibiting larger

haemodynamic response amplitudes to nociceptive input had larger resting-state

network activity amplitudes in both the somatomotor network (SMN) and occipital

pole visual network (VNop). Additionally, larger responses were associated with

greater white matter microstructural complexity in primary somatomotor projection
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(A) Noxious-response amplitude and kurtosis

(B) Noxious-response amplitude and diffusivity

Figure 4.8: Relating noxious-response amplitude to white matter microstructure (n = 17).
(A) Infants’ noxious-response amplitudes were associated with underlying white matter
complexity. Diffusional complexity was quantified using mean kurtosis (MK), and the
association was assessed using a whole-brain voxelwise TBSS analysis. The white matter
skeleton used in this analysis is presented in green, with the group mean fractional
anisotropy map as the grey scale background. The statistically significant positive
correlation between MK and noxious-response amplitude was localised to the primary
somatomotor projection tracts of the right centrum semiovale. Red-yellow represents
−log10(p-values) thresholded using TFCE with default parameters and adjusted for
multiple testing using FWER. (B) Using the MK-defined white matter region from (A),
the association between noxious-response amplitude and four diffusivity-based parameters
were assessed using simple Pearson correlation analysis. In all plots, the dashed grey
line is the least-squares line. Mean diffusivity had negligible correlation with response
amplitude, fractional anisotropy and axial diffusivity had mild positive correlations, and
radial diffusivity had a minor negative correlation. See main text for further details.
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(A) MK ROI

(B) Fibre compartment 3:   ≥ 90th percentile

(C) Fibre compartment 3:   ≥ 95th percentile

Figure 4.9: White matter fibre orientation complexity. In all images, the grey scale
background is the group mean fractional anisotropy map. (A) The green region-of-interest
(ROI) is the white matter region in which a statistically significant positive correlation was
identified between noxious-response amplitudes and mean kurtosis (MK) (see Figure 4.8A).
MK quantifies diffusional heterogeneity or microstructural complexity, and is sensitive
to both isotropic and anisotropic diffusional barrier effects. (B and C) Using FSL’s
ball-and-zeppelin model (Sotiropoulos et al., 2016), three anisotropic fibre compartments
were modelled per voxel with fibre compartment 1 modelling the principle diffusion
direction accounting for the largest proportion of anisotropic variance. Fibre compartment
3 models the third anisotropic diffusion direction and accounts for the smallest proportion
of anisotropic variance. Non-zero volume fractions for fibre compartment 3 are only
required in white matter regions with complex fibre orientations with more than two
dominant directions. The red-yellow in (B) and (C) are the group mean fibre compartment
3 volume fractions. These have been thresholded at the 90th (B) and 95th (C) percentile
to highlight the regions of white matter with the greatest fibre orientation complexity.
The MK ROI in (A) partially overlaps with regions of the centrum semiovale with the
greatest fibre orientation complexity (C).
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fibres of the right centrum semiovale. Most importantly, the infants’ noxious-

response amplitudes were predictable from their resting-state activity, where resting-

state activity was recorded in a nociception-free manner. The ability to predict an

infant’s haemodynamic response to nociceptive input has the potential to advance the

improvement of neonatal pain management, and this study highlights the importance

of understanding resting-state brain activity in achieving this goal. An infant’s

unique stimulus-independent resting-state activity may have the potential to predict

further valuable features (Parker Jones et al., 2017; Tavor et al., 2016), such as pain-

related behavioural and physiological responses, that could greatly inform the clinical

decision-making process regarding pain management strategies for newborn infants.

The correspondence between resting-state and task-evoked activities has been

demonstrated in adults over a range of functional networks and tasks (Cole et al.,

2014; Smith et al., 2009). While similar studies in neonates are lacking due to the

inherent limitations in experimental design of infant task fMRI, the resting-state

networks commonly observed in neonates, and those observed in this study, bear

close resemblance to adult networks (Doria et al., 2010; Fitzgibbon et al., 2019;

Fransson et al., 2007; Fransson et al., 2009), suggesting a similar correspondence

exists in the infant brain. In the current experimental nociception paradigm, robust

correlations were identified between the infants’ noxious-response amplitudes and

a specific subset of resting-state network amplitudes, the SMN and VNop. This

network-specificity is consistent with a recent study in neonates (Goksan et al.,

2018) that examined the relationship between noxious-response amplitude and

functional connectivity of three networks in the immediate prestimulus period. The

study observed a strong correlation between response amplitude and the prestimulus

functional connectivity of the descending pain modulatory network, but no such

relationship with the default mode network or with a ‘negative control’ network

designed to test global brain effects. Similar studies performed in adults have

also reported region-specific relationships between spontaneous brain activity in

the immediate prestimulus period and trial-to-trial variability in pain perception

(Boly et al., 2007; Ploner et al., 2010).
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While the current study reveals the close functional coupling between resting-

state and noxious-response brain activities in newborn infants that reflects this

coupling observed in adults (Bzdok et al., 2016; Cole et al., 2014; Smith et al., 2009;

Tavor et al., 2016), there are important differences between adult and infant cerebral

haemodynamics which need to be considered when interpreting infant cerebral

haemodynamic activity. The neural activity to which the haemodynamics are

responding are dominated by electroencephalographic features unique to newborns

in the preterm period, such as discontinuous neuronal bursting activity and the delta

brush waveform (André et al., 2010; Arichi et al., 2017), and some of these features

are typically still present, but to a much lesser degree, in the peri-term period

(André et al., 2010). In the foetal brain, the dominant driver of spontaneous brain

activity is peripheral in origin, rather than centrally generate as in adults (Colonnese

and Khazipov, 2012). While centrally generated activity is present in the peri-term

infant brain, similar to the presence of neonate-specific EEG features, the switch to

adult-like resting-state neurodynamics is likely incomplete. Regarding the fMRI

BOLD signal specifically, the developmental state of the newborn’s neurovascular

coupling mechanism and cerebral haemodynamic response results in immature

functional hyperaemia and neonate-specific haemodynamic response waveforms

(Arichi et al., 2012; Kozberg et al., 2013; Kozberg and Hillman, 2016).

Given these similarities and differences between the adult and infant cerebral

haemodynamic response, interpreting the cause of the observed normative vari-

ability in noxious-response amplitude in this healthy sample of newborn infants is

challenging. While a maximum of three of the infants displayed negative BOLD

responses, the majority of the infants displayed positive BOLD responses. The

infant double gamma HRF used in this study (Arichi et al., 2012; Baxter et al.,

2019) appeared to fit the data appropriately, and the observation of positive BOLD

responses being dominant in the peri-term age is consistent with observations

in other groups using tactile but non-noxious experimental paradigms (Arichi

et al., 2012). This is inconsistent with rodent studies using postnatal day 12

(P12) rats as rodent models of newborn term-aged infants (Kozberg et al., 2013),
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which suggest that the newborn infant’s BOLD response should be predominantly

negative due to immature functional hyperaemia. However, it is worth noting that

the haemodynamic response waveform reported in this rodent study for P15-18 rats

closely resembles the biphasic neonatal BOLD HRF, suggesting the inconsistency

between the human fMRI and rodent optical imaging results may be due to cross-

species differences in the relative developmental trajectories of different physiological

processes. Another potential confound to interpretation is that the BOLD response

amplitude in neonates may reflect variability in systemic blood pressure effects

due to functionally immature cerebral autoregulation (Greisen, 2009), where a

stimulus-induced blood pressure increase could cause an immature negative BOLD

response to resemble the adult-like positive BOLD response (Kozberg et al., 2013).

However, the stimulus intensity required to induce this autoregulatory confound

in a healthy peri-term-aged infant would be expected to cause a behavioural and

physiological response “equivalent to a startle reflex that makes a newborn cry”

(Hillman, 2014). While blood pressure recordings were not possible to collect

in the current study, the low-intensity experimental noxious stimulus used does

not cause behavioural or physiological (heart rate and blood oxygen saturation)

distress, suggesting the observed haemodynamic responses are not contaminated

by autoregulatory confounds.

Interpreting the cause of the observed noxious-response amplitude variability

in isolation may not be possible. Fortunately, the flexibility of the MRI modality

allowed the identification of several novel neural correlates of the noxious-response

amplitudes, functional correlates using rs-fMRI and structural correlates using

dMRI, which provide valuable insight. The functional correlates observed in this

study included robust positive correlations between noxious-response amplitude

and resting-state network activity amplitudes for both the SMN and VNop. While

the correlation with resting-state SMN activity is unsurprising and may indicate a

direct causal link, the correlation with resting-state VN activity was unexpected.

This association between resting-state visual activity and noxious-evoked activity

warrants further investigation. We do not believe the correlation is indicative of
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a direct causal link in a manner akin to the SMN relationship, but may instead

be a downstream consequence of a deeper common cause. (But why this potential

underlying common cause would be limited to SMN and VNop is, again, an

interesting question requiring further investigation.) In general, the developmental

trend from infancy to adulthood observed using fMRI is increasing haemodynamic

response amplitude (Arichi et al., 2012). Using NIRS to measure haemodynamic

responses to pain in the perinatal period, the amplitude of these responses also

progressively increases with age (Slater et al., 2006). And studies using fMRI to

observe the developmental progression of resting-state activity have also found

increased SMN and VN (as well as other networks) functional connectivity strength

and activity amplitude with increasing age (Fitzgibbon et al., 2019; Smyser et al.,

2010). The structural correlate observed in this study was a positive correlation

between response amplitude and white matter microstructural complexity (mean

kurtosis, MK) in primary somatomotor projection fibres of the right centrum

semiovale. Similar to the neural functional measures, white matter MK increases

with development, with MK observed to increase over the first two years (Paydar

et al., 2014), and to increase with age in the white matter of primary projection

bundles over the peri-term age-range (Bastiani et al., 2019). Taken together, the

resting-state and white matter correlates suggest the noxious-response amplitude is

a reflection of neural maturity, with larger response amplitudes indicating a more

mature brain and negative and negligible response amplitudes indicating a more

immature brain. This neural maturity hypothesis is appealing as it is consistent

with the claim that the infants’ noxious-response amplitudes are temporally stable

trait effects due to their relationship with underlying microstructure. This also

suggests a plausible explanation as to why the infant’s resting-state activity is

predictive of the noxious-response amplitudes: both the activity levels recorded at

rest and in response to stimulation are a function of cerebral maturity and thus

closely reflect each other due this common underlying cause.

Assuming increasing age is a reasonable proxy for increasing maturity, one can

view an infant’s age as an imperfect indicator of that infant’s neural maturational
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state. It is clear that two perfectly age-matched infants would not be expected

to be perfectly matched for maturational state, due to individual variability in

genetics and environmental influence. It is worth noting this important distinction

between age and maturity when considering three key aspects of the present study:

the sample used had a relatively narrow age-range (at time of scan, PMA range

was 40 days, and PNA range was 10 days), there was no clear relationship between

noxious-response amplitude and brain volume or age (PMA, GA, or PNA), and

statistical associations were adjusted for PMA to correct for age-related MRI

imaging artefacts. The results of the current study then suggest that an infant’s

unique MRI measures allow us to detect individual variability in the maturity of

the structural and functional neural architecture of an infant’s brain, which is not

fully captured by proxy indicators of neural maturity such as age or brain volume.

The ability to use non-nociceptive data to predict the amplitude of an infant’s

cerebral haemodynamic response to nociceptive input offers an exciting proof-of-

concept that an infant’s unique spontaneous brain activity may be predictive of

other behavioural and physiological pain-related responses. It will be interesting

to see how the novel brain-based structural and functional measures identified

in this study correspond to pain-related signals recorded using EEG and NIRS,

which rely on thalamocortical neural circuits, as well as pain-related behaviours

such as limb withdrawal reflexes and facial expressions, which rely predominantly

on spinal and brainstem neural circuits (Fitzgerald, 2015). While it is likely that

multimodal models incorporating EEG, behavioural, and autonomic measures may

provide predictive information with greater clinical utility and feasibility than

MRI (Vaart et al., 2019), the ability to identify measures of both structural and

functional neural architecture in a whole-brain high spatial resolution manner

means MRI will play a central role in furthering our basic understanding of the

neurophysiological basis of infant pain.
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Thesis summary

5.1 Aims and outcomes

The purpose of the work in this thesis was to improve our understanding of the

individual variability in newborn infants’ response to nociceptive input. Infant pain

scales are used in clinical practice to assess an individual’s pain experience and

sensitivity in order to inform selection of appropriate pain management strategies.

Unfortunately, these scales rely predominantly on ambiguous behavioural and

physiological measures. The lack of verbal communication and limited behavioural

repertoire of newborn infants, the brief extra-uterine time window for establishing

a medical history, and the ambiguity of infant pain scales introduce considerable

uncertainty into the clinical decision making process. This inevitably leads to pain

going under-detected and thus under-treated (Roofthooft et al., 2014). Under-

standing the neurophysiological basis of infants’ response variability to nociceptive

input will undoubtedly aid in improving these scales and improving personalised

pain management for the newborn infant.

The work in this thesis involved studying a healthy cohort of newborn infants,

using a mild experimental 128 mN pinprick stimulus, and recording infants’ unique

brain structure and function using MRI. The pinprick stimulus was used as it closely

mimics the common heel lance blood test procedure, and evokes a noxious-specific

ERP also seen in response to the heel lance (Hartley et al., 2015; Hartley et al.,

2017). However, unlike the heel lance, the pinprick stimulus is non-skin breaking,

does not cause any behavioural or physiological distress to the infant, and is thus

not of clinical or ethical concern. Infants’ brain structure and function were studied

134
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using multiple MRI modalities to capitalise on the many unique features that

MRI provides over other brain-based measures, such as EEG and NIRS, and non-

brain-based measures, such as behavioural and physiological recordings. The key

advantages of MRI as a method for studying infant pain include two major points.

First, similar to EEG and NIRS, fMRI measures brain activity, overcoming many

of the ambiguities associated with behavioural and physiological measures. Second,

fMRI uses magnetic gradients to actively probe the infant brain, unlike the passive

recordings of EEG and NIRS, allowing unparalleled acquisition of spatial information

that results in unrivalled image reconstruction quality. MRI allows whole-brain

coverage at relatively high spatial resolution, with signals accurately localised to

the brain regions of origin. These properties allow the generation of activity maps

with relatively high biological interpretability and facilitate the use of a wide range

of sophisticated analysis methods. This spatial information is valuable due to the

hierarchical organisation and functional segregation of the brain, with the resulting

collection of networks subserving the multiple dimensions of pain being spatially

distributed. Unfortunately, studying infant pain and nociception using MRI has

several challenges and limitations. The lack of data analysis methods to deal with the

infant-unique brain features, such as differences in tissue contrast and haemodynamic

response profiles to adults, as well as the excessive subject head motion, typically

results in data quality too poor to allow meaningful in-depth analysis.

As outlined in Chapter 1, there were three central aims to the work in this thesis.

First, outlining and validating an optimised infant noxious-response fMRI data

analysis pipeline to achieve high subject-level data quality. Second, assessing the

potential to use an infant’s unique resting-state brain activity to predict the size of

the cerebral haemodynamic response to nociceptive input. Third, identifying novel

functional and structural neural correlates of an infant’s haemodynamic response

to nociceptive input to improve our understanding of the neurophysiological basis

of individual variability in response amplitude. These aims were achieved across

two studies detailed in Chapters 3 and 4.
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The first objective was addressed in Chapter 3, with the data analysis methods

carried forward to Chapter 4. To optimise data analysis and improve subject-

level data quality, five key stages of data analysis were studied: motion and

distortion correction, spatial normalisation, FIX denoising, spatial filtering, and

HRF modelling. Adopting cutting-edge motion and distortion correction prepro-

cessing resulted in improved data quality through reduced motion and distortion

contamination. Additionally, the adoption of FIX denoising resulted in the most

dramatic improvement in data quality, even in instances of stimulus-correlated head

motion. The spatial normalisation pipeline improved subject-subject alignment

through the incorporation of BBR, and subject-template alignment through the use

of age-appropriate templates and the incorporation of ANTs’s SyN. The identification

of an appropriate spatial filtering extent balanced gain in sensitivity to signal with

loss of spatial specificity. Similarly, identification of a HRF model parameterisation

that was optimal for the nociception experimental paradigm balanced over- and

under-fitting of the infant cerebral haemodynamic response. While accomplishing

this goal was a vital first step to the work in this thesis, two broader goals were

achieved. Optimisation of the initial fMRI analysis steps for infant nociception

studies has now resulted in a pipeline that can be readily adopted in future fMRI

work. The successful adoption and extension of the dHCP preprocessing pipeline

demonstrated that the dHCP pipeline was generalisable to non-dHCP datasets,

was generalisable to non-resting-state datasets, and allowed for many additional

validation tests that could be performed on a “task” fMRI dataset that could not

be performed on the dHCP rs-fMRI dataset.

The second objective was addressed in Chapter 4. Each infant’s resting-state

brain activity was used as a source of infant-specific neural features, the acquisition

of which does not involve concomitant or prior pain exposure, to predict an infant’s

haemodynamic response amplitude to nociceptive input. Prior to assessing each

infant’s resting-state activity, a highly robust set of nine networks were replicated

in an independent dataset, an age-matched subset of the dHCP dataset. The

relationship between an infant’s resting-state network amplitudes and the size of the
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infant’s cerebral haemodynamic response to nociceptive input was demonstrated at

both the voxel and whole-brain levels. This demonstrated the functional coupling

between infants’ resting-state and noxious-response brain activities. Importantly, the

infants’ resting-state network amplitudes were sufficiently information-rich to allow

subject-level predictions of an infant’s noxious-response amplitude. Subsequent

structure-function analysis revealed a relationship between an infant’s noxious-

response amplitude and underlying white matter microstructure, suggesting that

the individual infants’ noxious-response amplitudes were temporally stable trait

effects. Together, these results suggested that the fMRI-measured and trial-averaged

amplitude of an infant’s cerebral haemodynamic response was a trait effect that

was predictable from resting-state activity. This provides a proof-of-concept that

an infant’s spontaneous brain activity could potentially be used to predict infant-

specific features of clinical value, from brain-related activity to physiological and

behavioural outcomes. Being able to predict how an infant may respond to a

clinically-required painful procedure could help inform clinical decision making

regarding appropriate and personalised pain management strategies.

The third objective was also addressed in Chapter 4. To improve our understand-

ing of the neurophysiological basis of individual differences in the newborn infant’s

cerebral haemodynamic response amplitude to nociceptive input, the statistical

significance and polarity of correlations with an infant’s structural and functional

neural architectural features were assessed. Assessing the relationship between

noxious-response amplitude and resting-state network amplitudes, the functional

coupling was observed to be network-specific. Positive correlations existed with

the SMN and VNop amplitudes, such that infants with greater activity amplitudes

in these networks exhibited a larger (more positive) response amplitude to the

nociceptive input. Assessing the relationship between noxious-response amplitude

and white matter MK, the structure-function relationship was well localised to a

functionally relevant white matter bundle. A positive correlation existed within the

primary somatomotor projection tract of the right centrum semiovale, such that

infants with greater MK in this region exhibited a larger (more positive) response
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amplitude to the nociceptive input. Mild non-significant positive correlations

between noxious-response amplitude and fractional anisotropy and axial diffusivity

suggested that the (significant) relationship with MK may be partially driven

by myelination and fibre density effects. Based on the developmental trends in

resting-state network activity amplitudes, white matter MK, and fibre density

and myelination that have been reported in previous studies, it appeared that the

individual variability in noxious-response amplitude was primarily due to individual

variability in brain maturity. It was thus hypothesised that infants with more

functionally and structurally mature brains exhibited larger cerebral haemodynamic

responses to nociceptive input. The lack of a significant relationship between

noxious-response amplitude and age (as well as brain volume, birth weight, and

sex) thus highlight the value in using infant-specific structural and functional

neural features to provide greater insight into the infant’s processing of pain and

nociception. While MRI lacks clinical feasibility and is one of the most challenging

modalities to use to assess infant pain, its unique ability to provide whole-brain

coverage and spatially rich insight into infant brain structure and function, as

demonstrated in this thesis, means MRI will play a vital role in improving our

understanding of the infant pain system.

5.2 Current limitations and future possibilities

The current thesis findings and associated limitations provide a platform from

which future work can be based. The major limitations of the two studies in this

thesis were considered in their respective discussion sections (Sections 3.4 and

4.4). These are summarised here to highlight common themes and to serve as

an opportunity to discuss potential solutions and future work. The limitations

and future work are addressed under five headings: preprocessing optimisation,

biological interpretability, age and modality generalisability, heel lance and brain

maturity assumptions, clinical utility assumption. The topics covered in the first

two sections broadly cover desirable future improvements and extensions to the



5. Thesis summary 139

present work, while the topics covered in the last three sections suggest novel future

studies as natural continuations of the present work.

5.2.1 Preprocessing optimisation

In Chapter 3, an optimised pipeline for the earliest stages of fMRI data analysis

was outlined and tested. While the optimisations proved to be highly valuable at

the time of writing, it is important to note that “optimal” is a moving target. This

pipeline and indeed others developed henceforth should not be considered static, but

subject to continued improvement as the field progresses. As discussed in Section 3.4,

limitations for each pipeline step exist. Preprocessing steps are discussed here, while

the HRF modelling step is discussed in Section 5.2.3 below. In brief, the motion

and distortion correction performed using FSL’s EDDY is currently not optimised

for fMRI data. The implementation of ANTs’s SyN for spatial normalisation has

not been optimised for the infant standard templates. The projection of fMRI

data from volumetric space to surface space for reducing alignment errors, partial

voluming effects, and spatial filtering issues has yet to be included in the pipeline.

While different spatial filtering extents were tested in this study, the use of this

preprocessing step depends on both the data and the research question, such that

adoption of the particular filtering heuristic (of 1.5 × voxel size) should be limited to

appropriate contexts. In studies using data projected to the cortical surface, spatial

filtering should only be applied after the projection. The use of FSL’s SUSAN

would no longer be appropriate in these instances, and so filter extents smaller than

1.5 times voxel size using a simple Gaussian kernel would be a possibility.

Several fMRI preprocessing pipeline limitations are currently being worked on as

part of the dHCP, including motion and distortion correction, FIX denoising, spatial

normalisation, and surface projection (Fitzgibbon et al., 2019). It will be imperative

to keep abreast of cutting-edge methods, and to incorporate improvements into the

analysis pipelines as they arise. If data are to be re-used in future studies, improving

data preprocessing will entail re-analysing the same data on multiple occasions.

To reduce workload, ensure reproducibility across pipeline versions, and facilitate
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the incorporation of novel methods, it would be ideal to adopt a standardised

data format. Currently, the data structure is organised in a bespoke manner, but

adopting the Brain Imaging Data Structure (BIDS) standard (Gorgolewski et al.,

2016) would provide long-term benefits outside of adopting best preprocessing

practices, such as the facilitation of data sharing.

5.2.2 Biological interpretability

In Chapter 4, three MRI modalities were used to study the newborn infants’

structural and functional brain architectures: noxious-response fMRI, rs-fMRI, and

dMRI. For all three modalities, neural features were extracted and given a biological

interpretation. However, in all cases, the interpretation is ambiguous. While

biologically ambiguous features can be invaluable in aiding appropriate clinical

decision making, such as the currently available ambiguous infant pain scales used

in infant pain assessment and management, it will ultimately be improvements

in accurate understanding of the neurophysiological mechanisms of infant pain

that will improve infant pain management. It is thus a central goal of infant pain

research, and neuroscience in general, to improve our understanding of the infant

brain, which involves identifying and resolving these ambiguities.

The noxious-response amplitudes extracted from the noxious-response fMRI

data were derived by spatially regressing a group-level noxious-response map (group

average t-statistic map) onto each infant’s subject-level noxious-response map

(regression parameter map). The pinprick stimulus used to evoke the haemodynamic

response causes a multidimensional experience in adults that involves a wide range

of brain regions. The stimulus is processed by the newborn infant brain using an

equally wide range of brain regions (Goksan et al., 2015), suggesting a comparable

range of stimulus response dimensions. These are likely to include sensory dis-

crimination, saliency, attention, mild negative emotional valance, and nocifensive

motor signals, among others. It is unclear which neural processes are represented

by the noxious-response amplitudes used in this study, and disambiguating these

multiple dimensions will be challenging in this non-verbal population. However, it is
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possible to develop an alternative principled approach for noxious-response feature

extraction that could decrease this ambiguity and improve biological interpretability.

There are now several candidate fMRI ‘neural signatures’ for distinct components of

adult pain and negative affect that could be applied to infant noxious-response data

(Chang et al., 2015; Kragel et al., 2018; Krishnan et al., 2016; Wager et al., 2013;

Woo, Krishnan, and Wager, 2014). While the limitations of this reverse inference

approach will need to be carefully considered, applying these templates, which

have been developed and validated in verbal populations, to assess brain activity in

non-verbal infant populations has the potential to answer neuroscientific questions

that would not be possible using infant data-derived templates alone.

The resting-state network amplitudes extracted from the rs-fMRI data were

derived using a Dual Regression style approach, involving spatial regression of

group-level maps onto subject-level timeseries data. The Dual Regression approach

can confound the spatial, temporal, and amplitude effects of a subject’s resting-state

network. This results in subject-level Dual Regression measures of, for example,

functional connectivity being heavily influenced by both amplitude (Duff et al.,

2018; Friston, 2011) and spatial topography (Bijsterbosch et al., 2018; Bijsterbosch

et al., 2019) effects. Thus, the resting-state network amplitudes used throughout

this thesis will also include these ambiguities to some degree, limiting the biological

interpretability of these resting-state features. Improvements in subject-level resting-

state network modelling is needed, such as the PFM model implemented in FSL’s

PROFUMO (Harrison et al., 2015; Harrison et al., 2019). At the time of writing

this thesis, PROFUMO had not been optimised for use with infant resting-state

fMRI data. While PROFUMO produced highly reproducible group-level maps

that were used throughout this thesis, the subject-level SNR penalties in the PFM

model meant that the identification of certain networks failed in infants with poor

SNR. This prevented the use of subject-level PFM-estimated network amplitudes

in the resting-state analyses of this thesis. As described above, the group-level

PFM maps were instead used in a Dual Regression style analysis, which guaranteed

network amplitude estimates for all networks in all infants. Work is currently
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underway to resolve these issues in PROFUMO. It would be valuable to revisit

the resting-state analyses in this thesis in the future to take full advantage of the

superior separation of spatial pattern and amplitude variation, and improved BOLD

timeseries estimation, provided by PROFUMO. If the infants’ PFM-estimated

network amplitudes are also predictive of noxious-response amplitudes, this would

strongly corroborate the current interpretation.

Finally, the white matter microstructural features extracted from the dMRI

data were derived using the DKI model. The DKI model (like the DTI model)

is a statistical model, which has the advantage of lacking any dependency on

biophysical model assumptions, and as a result, the model parameters are physically

well-defined. The primary diffusion parameter studied in this thesis was MK, which

is simply “three times the square of the coefficient of variation for the distribution

of compartmental diffusion coefficients. So qualitatively, the kurtosis is a measure

of the heterogeneity of the diffusion environment.” (Jensen and Helpern, 2010).

MK is thus a measure of diffusional complexity that is sensitive to a multitude of

microstructural properties, including both isotropic and anisotropic barrier effects.

While MK’s lack of dependency on biophysical model assumptions as well as its

sensitivity to both isotropic and anisotropic barrier effects are attractive qualities and

were motivations for selecting it as the microstructural parameter of primary interest,

it is precisely these properties that limit biological interpretability. Complementing

analysis of MK using diffusivity measures such as mean diffusivity and fractional

anisotropy can aid interpretation, but this approach has its limitations, as was

observed in Chapter 4. The adoption of biophysical models such as NODDI (Neurite

Orientation Dispersion and Density Imaging) (Zhang et al., 2012) could improve

the biological interpretability of the dMRI results. NODDI models the dMRI signal

as a sum of restricted (intra-neurite), hindered (extra-neurite), and isotropic (CSF)

pools of water, and also estimates an orientation dispersion index to account for

fibre fanning. The explicit modelling of neurite density and dispersion could greatly

improve the biological interpretability of the microstructural features underlying

the relationship between noxious-response amplitude and diffusional complexity.
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5.2.3 Age and modality generalisability

The identification of the double gamma HRF parameterisation as optimal in Chapter

3 and the observed functional coupling between resting-state and stimulus-response

brain activities in Chapter 4 have limited generalisability due to the use of a

single stimulus modality i.e. the 128 mN pinprick. In brief, the suitability of

using the infant double gamma HRF was tested quantitatively at the group-level

in Chapter 3 and also qualitatively at the subject-level in Chapter 4. While

the double gamma HRF was found to be suitable for the noxious stimulus and

experimental paradigm used throughout this thesis, the generalisability of this

finding to alternative stimuli and paradigms is unclear. Additionally, the tight

functional coupling between resting-state network amplitude and noxious-response

amplitude was demonstrated at both the voxel and whole-brain levels in Chapter

4. While this functional coupling has been demonstrated for a wide range of tasks

in adults, the findings in this thesis are currently limited to the haemodynamic

noxious-response amplitude evoked by the sharp-touch nociceptive stimulus. A novel

study in which both resting-state fMRI data and multimodal stimulus-response

fMRI data are collected for each individual infant could resolve this limitation.

While “task” fMRI experimental designs are severely limited in newborn infants,

previous studies using non-nociceptive stimuli, such as non-noxious touch (Arichi

et al., 2010), auditory (Anderson et al., 2001), and visual (Deen et al., 2017) stimuli

have demonstrated the feasibility of a multimodal experimental design.

Additionally, the HRF parameterisation and functional coupling results have

limited generalisability to premature infants, as the youngest infant included in this

cohort was 35.9 weeks PMA at the time of study. A multimodal stimulus-response

fMRI study would have to be conducted in a cohort of premature infants to test

these findings in younger infants. However, this challenging experimental paradigm

may lack feasibility in this fragile population. The use of a cot-side modality

such as EEG may be more appropriate, from both the perspective of experimental

feasibility and clinical utility, in order to examine the functional coupling between

resting-state and stimulus-response activities.
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5.2.4 Heel lance and brain maturity assumptions

Throughout this thesis, the experimental pinprick stimulus was used to probe

an infant’s response to nociceptive input due to the pinprick’s similarity to the

clinically required skin-breaking heel lance procedure. The pinprick delivers sharp

tactile sensory input to the foot and evokes an EEG-recorded noxious-specific ERP

at a lower amplitude to that seen in response to the heel lance (Hartley et al.,

2015; Hartley et al., 2017). Due to the mild nature of the pinprick stimulus, the

challenges in performing simultaneous EEG-fMRI recordings, and the challenges

in performing clinical procedures in the MRI environment, it is not trivial to

establish a relationship between the individual variability observed in the fMRI-

recorded cerebral haemodynamic response amplitude to the pinprick and individual

variability in pain-related behavioural, physiological, or electroencephalographic

responses to the heel lance. However, establishing relationships such as these

will be central to validating the assumption that MRI-identified neural correlates

of the pinprick response do in fact apply to infants’ responses to the heel lance

procedure. In Chapter 4, three such novel MRI-identified neural correlates were

outlined. The individual variability in cerebral haemodynamic response amplitude

to the pinprick was significantly positively correlated with the resting-state network

amplitudes of both the SMN and VNop, and with the white matter MK of the

primary somatomotor projection tracts of the right centrum semiovale. These novel

neural correlates were hypothesised to reflect individual variability in brain maturity.

However, the hypothesis that infants with more mature brains exhibit larger cerebral

haemodynamic responses to a heel lance was inferred and not directly tested.

In the near future, it should be possible to test the validity of both the pinprick

stimulus fMRI experimental paradigm and the “neural maturity” hypothesis, as

data collection required to perform these tests has begun being collected by another

member of the Paediatric Neuroimaging Group. In this study, infants’ responses to

the pinprick are being recorded using fMRI. On a separate test occasion, resting-state

data are being recorded using EEG followed by the infants’ behavioural, physiological,

and EEG responses to a clinically required heel lance. With this dataset, it will be
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possible to validate the pinprick stimulus fMRI experimental paradigm by testing the

relationship between the fMRI-recorded response to the pinprick with a multitude

of responses to the heel lance. Additionally, established measures of resting-state

EEG-derived markers of neural functional maturity, such as multiscale entropy

(De Wel et al., 2017), can be used to directly test the “neural maturity” hypothesis.

As discussed in Section 4.4, the correlation between resting-state VNop activity

and noxious-evoked activity was surprising, and we hypothesised that the association

was not due to a direct causal link between the visual network and pinprick response

network, but due to the deeper neural maturity cause. This distinction between

correlation and causation is not limited to this particular observation, but to all of

the identified functional and structural correlates of this infant MRI study. Given

the haemodynamic nature of the fMRI signal, this distinction needs to be expanded

further. While discussions up to this point primarily centred on brain activity

(due to the reasonable assumption that the haemodynamic variability is relatively

representative of the underlying neural activity variability), this may not be the

case. Due to the haemodynamic nature of the fMRI signal, it is highly plausible that

the cross-infant variability in noxious-response amplitudes is primarily a function of

cerebral vasculature variability, as opposed to underlying neural activity. Using the

neural maturity hypothesis, one would then claim that the observed variability in

cerebral haemodynamic response to noxious input is due to individual variability in

the maturity of the cerebral vascular system. This intriguing interpretation would

require a more in-depth assessment of the newborn infant cerebral vasculature

and perfusion. We are currently in the process of commencing a study to directly

assess this perfusion interpretation using arterial spin labeling (ASL), an MRI

modality that allows perfusion quantification. The results of this study should

also shed greater insight into the nature of the observed negative and negligible

BOLD responses observed in some newborn infants.

Finally, the generalisability of the maturity hypothesis to other infant populations

needs further exploration. The work in this thesis focused on healthy newborn

infants, with larger cerebral haemodynamic response amplitudes interpreted as
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the more mature response. However, infants born prematurely and exposed to

high levels of early-life pain and stress may have altered developmental trajectories

that may limit the usefulness of a simplistic maturity hypothesis. There is a

lack of clarity from research in this area due to the high correlation between

prematurity, early-life pain burden, and other confounding comorbidities. There

exists a single EEG study that demonstrated larger pain responses in ex-premature

infants studied at term compared to healthy term infants (Slater et al., 2010c).

However, this study was conducted with small sample sizes (n=8 term infants, and

n=7 ex-premature infants), the ex-premature sample had major comorbid confounds

(three infants with grade four intraventricular haemorrhage), and these EEG results

cannot be simply extrapolated to the haemodynamic response. Unfortunately,

there is currently no research comparing term and ex-premature infants’ responses

to pain using haemodynamic measures such as NIRS or fMRI. Comparing the

haemodynamic response amplitudes of term infants to ex-premature infants is

an area our group is beginning to look into directly, so hopefully an answer will

be available in the near future.

Considering the negative impact that prematurity has on development, any

group differences observed between these populations would have to be interpreted

as a potentially negative or neutral difference caused by prematurity, where negative

or neutral relates to functional outcomes in later life, such as cognitive capacity at

school age. Hypothetically, if the ex-premature population had smaller pinprick

response amplitudes, then this could be interpreted as prematurity potentially

causing delayed cerebral vasculature maturation. Conversely, if the ex-premature

population had larger pinprick response amplitudes, then this could be interpreted

as prematurity potentially causing accelerated cerebral vasculature maturation.

However, given that advanced maturity may have positive connotations, while

prematurity is known to be detrimental, then the concept of maturation would have

to increase in complexity to incorporate cases of dysmaturity for both delayed and

accelerated maturity. Finally, even if a group difference is statistically significant,

the effect size might not allow for meaningful separation been healthy term and
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ex-premature infants to warrant labelling potential prematurity-induced delayed

or accelerated maturity with the term “dysmature”. While this likely scenario

does not appear to undermine the maturity hypothesis (but simply necessitates an

elaboration of the terminology), it would limit the usefulness of the noxious-evoked

haemodynamic response amplitude as a useful marker of cerebral functional maturity.

In addition to testing for statistically significant differences between healthy term

and ex-premature infant populations, it would thus be valuable to assess the degree

of separation between populations as a potential marker of prematurity-induced

disruptions to cerebral maturation.

5.2.5 Clinical utility assumption

In Chapter 4, the infant resting-state brain activity was shown to be informative

of the cerebral haemodynamic response amplitude to the pinprick stimulus. The

motivation for testing the predictability of the neural response to nociceptive input

from resting-state data was to establish a proof-of-concept of potential clinical utility.

Specifically, an infant’s unique brain activity can potentially inform the clinical

decision making process regarding appropriate infant pain management strategies,

thus helping to reduce the uncertainty in this challenging process. It is then of

central importance to directly test this concept, a study I will be undertaking

as part of my postdoctoral research position. The general approach will be to

use EEG to study infant’s resting-state brain activity and noxious-response brain

activity with the same experimental pinprick stimulus used in this thesis. These

recordings will be made on neurologically healthy infants who require inguinal

hernia repair surgery. The resting-state and noxious-response EEG recordings will

be made both pre- and post-surgically, with the post-surgical recordings occurring

several hours after surgery to ensure full elimination of the caudal block and general

anaesthetic. Monitoring of physiological variables and behavioural measures of

post-surgical pain or discomfort will also take place.

This rich dataset will allow the testing of several exciting and important questions,

of which three are listed here. First, the resting-state/noxious-response functional
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coupling of the pre-surgical EEG recordings will be explored to test if this functional

coupling observed in the fMRI data can be translated from haemodynamic signals

to electrical signals. Second, changes in EEG features between the pre- and post-

surgical periods will be assessed. Post-surgical recording of pain levels (assessed

regularly using appropriate pain scales such as FLACC), analgesic requirement,

and physiological instability will also be recorded, and their potential association

with the affected EEG features will be quantified. These relationships are vitally

important to determine, as an understanding of the neurophysiological basis for

these post-surgical assessments is currently lacking. It would be highly valuable if

existing post-surgical pain assessments could be grounded in neurophysiology, or

alternatively, if novel neurophysiological measures of post-surgical outcomes could

be identified. Third, the pre-surgical neurophysiological EEG recordings (both

resting-state and noxious-response recordings) will be tested for their capacity to

predict clinically valuable measures of post-surgical outcomes such as pain levels,

analgesic requirement, and physiological instability.

5.3 Closing statement

Having summarised the core findings of this thesis and proposed that the inherent

limitations can be a springboard for future work, it is clear that the results and

concepts detailed here should continue to be explored and developed. It is very

exciting and rewarding to see that researchers in the Paediatric Neuroimaging Group,

including myself, see the potential in pursuing these findings, and are taking the

opportunity to do so. While the challenges involved in studying infant pain and the

limitations of the MRI modality have been discussed at length, the research described

in this thesis more importantly highlights the abundant potential for further progress.

At the time of writing, there are still fewer than five published fMRI studies with a

focus on infant pain processing. The ability to directly tackle the challenges that

have resulted in this dearth of research, and noting the abundance of exciting novel

findings when one does so appropriately, should hopefully be a cause for optimism

for those hoping to undertake MRI-based research into infant pain in the future.
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A
Chapter 3 Supplementary Figures
This appendix presents examples of spatial independent component analysis (sICA)

components commonly seen in the neonatal noxious-response fMRI dataset. These

components are independent signals in the fMRI data that originate from indepen-

dent signal-sources, eight of which are shown below. For all figures, the spatial map

of the component at several axial slices is presented on the left upper pane, and at a

single sagittal and coronal slice on the right upper pane. The component’s timeseries

is presented in the left lower pane, and the power spectrum of the timeseries in the

right lower pane. All components are displayed using FSL’s FSLeyes. The nature

and origin of these neonatal sICA components are no different from that of adults.

The examples below are deliberately displayed and named to resemble the adult

examples in Griffanti et al., 2017 to facilitate comparison.

It is important to note that at the spatial and temporal resolution of these

data, it is not always possible to unequivocally identify the signal-source of a

component. For this reason, the component in Figure A.4 is labelled ‘Cerebrospinal

fluid pulsation (and arteries?)’. Similarly, a summary head motion timeseries (red

dotted timeseries) is provided in the left lower pane of Figure A.2 and A.7 to

demonstrate that the subject’s head motion is clearly the signal-source for the

‘Motion artefact’ and ‘Multiband artefact’ components.
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Figure A.1: Signal

Figure A.2: Motion
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Figure A.3: Vein

Figure A.4: Cerebrospinal fluid pulsation (and arteries?)
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Figure A.5: Fluctuations in subependymal (and transmedullary) veins

Figure A.6: Susceptibility artefacts
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Figure A.7: Multiband artefact

Figure A.8: MRI-related artefact



B
Chapter 4 Supplementary Figures

Figure B.1: Anatomically defined imaging confound regions-of-interest (ROIs). Both
the cerebrospinal fluid (CSF) and white matter ROIs were defined using the standard
infant template (Schuh et al., 2018). The CSF ROI (blue) is restricted predominantly
to the fluid surrounding the brainstem and cerebellum and is a single region crossing
the midline. Ventricular CSF was excluded from this ROI to minimize unwanted partial
voluming effects due to the small size of infant ventricles. The white matter ROIs (red)
are restricted to the largest white matter regions in the cerebrum. The left and right
ROIs are tightly localized to the centre of white matter regions to minimize unwanted
partial voluming effects with nearby grey matter tissue.
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Figure B.2: Noxious-response amplitudes vs resting-state network amplitudes. In all
plots, the x-axis is the resting-state network amplitude, the y-axis is the noxious-response
amplitude, and the grey dashed line is the least-squares line. The networks are ordered
from left-to-right then top-to-bottom in identical order to that presented from left-to-right
in Figure 4.3A. Above each plot is presented the Pearson correlation coefficient (r) with its
associated two-tailed p-value (p). All p-values are FWER-corrected for multiple testing.
The SMN and VNop are the only two networks with statistically significant correlations
(positive). VNm = medial visual network; VNop = occipital pole visual network; ANr =
right auditory network; ANl = left auditory network; SMN = somoatomotor network;
DMN = default mode network; DAN = dorsal attention network; ECN = executive
control network.
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Figure B.3: Noxious-response amplitudes vs non-functional variables. In all plots, the
x-axis is the non-functional variable, the y-axis is the noxious-response amplitude, and
the grey dashed line is the least-squares line. Above each plot is presented the Pearson
correlation coefficient (r) with its associated two-tailed p-value (p). Due to the lack of
any statistically significant correlation, p-values are presented uncorrected for multiple
testing. PMA = postmenstrual age; GA = gestational age; PNA = postnatal age; BW =
birth weight; TBV = total brain volume.
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Figure B.4: Noxious-response amplitudes vs resting-state imaging confounds. In all
plots, the x-axis is the resting-state imaging confound, the y-axis is the noxious-response
amplitude, and the grey dashed line is the least-squares line. Above each plot is presented
the Pearson correlation coefficient (r) with its associated two-tailed p-value (p). Due to
the lack of any statistically significant correlation, p-values are presented uncorrected
for multiple testing. FD = framewise displacement in units of millimetres; CSF =
cerebrospinal fluid.
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