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Abstract
Understanding and measuring pain and brain development in neonates is essential to be
able to provide the best care for this vulnerable population. This is particularly important
for premature infants, for whom early life is filled with more painful procedures, and earlier
exposure to extrauterine stimuli, which can adversely affect development. Infant pain
assessments combine behavioural and physiological measures such as facial expression,
crying, and heart rate. However, these metrics are not specific to pain experience, nor
sensitive enough to provide reliable outcome measures for clinical trials to validate pain
treatments in infants. Neuroimaging techniques provide means to study brain health,
development and function. EEG and fMRI measurements of noxious-evoked brain activity
could be used to develop more objective and specific pain assessment tools. This thesis
focusses on using EEG and MRI to measure infant pain and its relation to overall brain
development.

First, I present tests of the validity of an EEG template measure of noxious response in
infants recruited at multiple hospital sites. EEG has been used to quantify noxious-evoked
activity and study pain interventions in infants, but a standard generalisable approach
needs to be established. I tested whether the EEG template discriminates between noxious
and non-noxious stimuli, whether the scale of noxious response is equivalent across different
hospital sites, and whether noxious response increases with age in premature infants. I
found that noxious-evoked responses are significantly greater than non-noxious responses,
but that the scale is not equivalent across study sites, and there was no significant age
correlation. This suggests that the EEG template can be reliably used as a surrogate
measure of pain, with promise for clinical trials. Additionally, data collection site should
be accounted for as a confounding factor as needed.

Then, I focus on how MRI can aid our understanding of infant pain and the underlying
neurophysiology behind differences in noxious-evoked activity. I present a machine learning
model that I developed to predict the magnitude of noxious-evoked responses from resting-
state brain activity in infants, using fMRI data. By applying this model to data from the
independent Developing Human Connectome Project, I explore how predicted noxious-
evoked responses relate to development metrics, including resting-state cortical function
and microstructure, as well as prematurity, and assessments of infant cognitive and motor
ability at 2-year follow up. I found that prematurity is associated with accelerated
development of the nociceptive system, but disrupted neurodevelopment overall.

In summary, this thesis demonstrates the potential for neuroimaging techniques to improve
our understanding of infant brain development, and improve clinical assessment and
treatment of infant pain.
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1
Introduction

1.1 Research Aims

This thesis aims to explore and address open issues in the fields of neonatal and

infant pain treatment, health and brain development. I aimed to develop and

validate methods using non-invasive neuroimaging techniques to quantify infant

noxious-evoked brain activity, as a surrogate measure of pain. I implemented best

methodological and research practices in order to do so. I also aimed to use these

neuroimaging methods to study how noxious sensitivity relates to indicators of

health in infants, such as prematurity and long-term developmental outcomes.

1.2 An Overview of Infant Age Terminology

There are various descriptors of the early life period, which it will be helpful for the

reader to understand. The broadest term is that of ‘infant’ which is typically used to

describe the first 0-2 years of life since birth, although the upper age limit is not strict,

as reflected in the use of infant by large global projects and organisations concerned

with early life development including INTERGROWTH-21st [1], BRIGHT [2], and

the World Health Organisation (WHO) [3]. The terms ‘neonate’, ‘newborn’ or

‘newborn infant’ are all used to describe infants within the first 28 days of life since
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birth [4, 5]. Infants fall into further categories based on their gestational age (GA),

or age at birth, where the gestation is measured from the first day since the biological

mother’s last menstrual period, which can be assessed by ultrasound or clinical

assessment [4, 6, 7]. ‘Term’ infants are those born from 37 completed weeks to less

than 42 completed weeks gestation, whilst ‘preterm’ infants are those born at less

than 37 completed weeks gestation, and ‘post-term’ infants are born at 42 completed

weeks gestation or more [6]. These terms exist to describe the risks associated

with post-term and preterm birth. Although risks associated with premature birth

increase with decreasing GA, the boundary of prematurity at 37 weeks is relatively

arbitrary, since these risks are also increased in infants born 37 − 38 weeks GA

compared to term infants born ≥ 39 weeks [7, 8]. Prematurity is further sub-divided

by severity into ‘extremely preterm’ (< 28 weeks), ‘very preterm’ (28 – < 32 weeks)

and ‘moderate to late preterm’ (32 – < 37 weeks) [7].

In this thesis, descriptors of age from birth follow guidelines produced by the

Committee on the Fetus and Newborn [9]. As already described, GA is the age

counting from the last menstrual period until the day of birth, whilst postnatal age

(PNA) counts an infant’s days of life since birth (PNA ≥ 0), and postmenstrual age

(PMA) describes the total age of an infant since gestation. Before birth, GA and

PMA are equivalent, but after birth, GA is fixed by the day of birth, whilst PMA

increases with each postnatal day of life since birth (i.e., postmenstrual age equals

gestational age plus postnatal age). Finally, for infants born prematurely, there

is an additional age descriptor called ‘corrected age’ which is calculated from the

preterm infant’s postmenstrual age by subtracting the number of weeks the infant

was born before 40 weeks gestation. For example, for an infant with GA = 30 weeks,

10 weeks before a 40 week gestation, their corrected age would be 10 weeks less than

their PMA. Corrected age is used to appropriately assess developmental outcomes in

premature infants compared to their peers in the first few years of life. Additionally,

to compare preterm infant development to healthy term-born controls, preterm

infants are often studied at term-equivalent age (TEA) which categorises premature

infants with PMA in the term range of 37 − 42 weeks.
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1.3 Neonatal Pain

Perhaps surprisingly, given humanity’s long personal experience with pain, pain is not

a straightforward concept to describe in any population. Pain is particularly difficult

to define and determine in a non-verbal population such as neonates, who cannot

directly report their pain experience. The appropriate definition and description of

pain has been debated for decades. In 1974, a professional organisation dedicated

to pain research and management was established to bring together clinicians and

multidisciplinary researchers for the first time, named the International Association

for the Study of Pain (IASP). The same organisers established a seminal journal

dedicated to pain (‘PAIN’) with its inaugural issue published in 1975 [10]. IASP

were the first to publish a standardised taxonomy of pain-related terms and a

definition of pain itself, circulated in the PAIN journal in 1979 [11]. It wasn’t until

1990 that a group dedicated to improving paediatric pain research and treatment

was established by IASP members, named the ‘Special Interest Group on Pain in

Childhood’ (http://childpain.org/). Before its inception, IASP had focussed

primarily on adult pain (http://childpain.org/index.php/about-us/history/).

The study and treatment of infant and child pain presents its own challenges

compared to the adult population, and necessitates its own careful approach.

There are a number of issues with the historic and current treatment of neonates’

and infants’ pain; partly a result of poor attitudes and misconceptions, and partly

due to inadequate methods of measuring pain and assessing treatment efficacy

in this non-verbal population. Studying neonatal pain is complex: behavioural

measures are often used but are insufficient, non-specific, not fully validated and

not able to determine efficacy in clinical trials for pain management. There is

no gold-standard for pain assessment in infants, and more research is required to

develop a fully validated and standard assessment tool. There is a low industry drive

to develop neonatal pain treatments due to the uncertainty in existing outcome

measures, creating a discouraging high-risk high-cost environment for pharmaceutical
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companies. The following sections aim to provide a more detailed overview of each

of these issues.

1.3.1 Defining Pain and Nociception

The standard definition of pain was recently revised by IASP in 2020 as “An

unpleasant sensory and emotional experience associated with, or resembling that

associated with, actual or potential tissue damage” [12]. This definition is also

accompanied by a series of six short notes which aim to add nuance, clarify possible

sources of contention, and highlight the biopsychosocial context of pain in a concise

manner. Given the importance of providing understanding and context to the reader,

and to fulfil the intention of IASP to produce a combined definition and concise

notes to be referenced together, the notes accompanying the definition are presented

here:

•Pain is always a personal experience that is influenced to varying
degrees by biological, psychological, and social factors.

•Pain and nociception are different phenomena. Pain cannot be inferred
solely from activity in sensory neurons.

•Through their life experiences, individuals learn the concept of pain.

•A person’s report of an experience as pain should be respected.*

•Although pain usually serves an adaptive role, it may have adverse
effects on function and social and psychological well-being.

•Verbal description is only one of several behaviors to express pain;
inability to communicate does not negate the possibility that a human
or a nonhuman animal experiences pain.

... *The Declaration of Montréal, a document developed during the First
International Pain Summit on September 3, 2010, states that “Access to
pain management is a fundamental human right.” [12].

Of particular interest when considering neonatal and infant pain are the notes

separating pain from nociception, highlighting the impact of life experience, and

stating that verbal communication is not a necessary aspect of pain experience. The

previous IASP definition of pain focused on the presence of “actual or potential

tissue damage, or described in terms of such damage”, which neglected to support
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non-verbal humans including infants who cannot describe their experience [11].

The revised definition’s removal of the original emphasis on describing pain, and

acknowledgement that verbal description is not required to validate pain in the

additional notes, is more inclusive of infants [13].

Nociception is described as activity in the nervous system in response to a

noxious stimulus [12]. Nociception is separated from pain, since noxious stimuli

which stimulate nociceptive pathways do not necessarily lead to report of pain

in adults, nor other behavioural or physiological responses which are typically

associated with pain report. The converse can also be true, where pain report

is not correlated with noxious input, and pain intensity can have emotional and

psychological mediators independent of noxious intensity [14]. There are different

kinds of pain, including acute and chronic pain, vicarious pain, emotional pain,

nociceptive pain, neuropathic pain and nociplastic pain (https://www.iasp-

pain.org/resources/terminology/). Nociceptive pain must involve nociception;

involving activation of nociceptors and nociceptive pathways, but nociception does

not necessarily result in pain. Whilst we can be certain of nociception in infants

by measuring nociceptive signals in response to noxious stimuli, we can only infer

pain in this population. A noxious stimulus is defined by IASP as a stimulus

that is damaging to normal tissues or threatens damage to normal tissues (https:

//www.iasp-pain.org/resources/terminology/). Every individual has a

pain threshold which represents the minimum noxious stimulus intensity that they

perceive as painful. Mild noxious stimuli below an individual’s pain threshold can

activate nociceptive pathways without resulting in perceived pain [15], which may

be indicated by the absence of other physiological and behavioural stress signals in

infants.

Where this thesis addresses the topic of neonatal pain, unless stated otherwise,

the focus is implicitly on acute nociceptive pain, where pain is assumed to accompany

acute tissue-damaging procedures in infants. Acute pain is clinically separate from

persistent and chronic pain, which can have different causes, presentations and
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consequences [16]. It is more difficult to assess and treat chronic pain in non-verbal

infants, as there is limited evidence for diagnosing persistent pain in infants based on

current and prior conditions, let alone for providing treatment, whereas most adults

can describe their pain state and pain history [16]. Acute pain in infants is more

readily assumed from preceding acute noxious stimuli and subsequent correlated

acute behavioural and physiological responses. Although progress has been made

over the last 40 years of research, there is still an urgent requirement to improve

treatment of acute pain in infants. Additionally, there is potential for acute pain

studies to provide deeper insight into pain mechanisms and pain-related brain

activity in infants to set solid groundwork for future research into the additional

complexities of chronic pain in infants. For these reasons, I have focused on acute

pain in my thesis research, due to the more immediate potential to address patient

need and to provide positive clinical impact now and for the future.

1.3.2 A Brief History of Pain Treatment in Infants

There has been an appalling lack of attention and care to providing appropriate

analgesia to infants in recent history. A layperson would consider it obvious that

both term and preterm infants feel pain, and yet in the 1980s surgeries were often

conducted on preterm infants without adequate analgesia [17–19]. Change began in

1987, when a landmark randomised controlled trial (RCT) by Kanwaljeet Anand

and colleagues demonstrated that the common anaesthetic approach in infant

surgery known as the “Liverpool Technique”, conceived in the 1950s [19, 20], of only

administering muscle relaxant to immobilise with a light anaesthetic agent, was

wholly inadequate [17]. They found that additionally administering the analgesic

fentanyl drastically reduced hormonal stress response in the infants and reduced

severe post-operative complications [17]. At a similar time, the story of one infant’s

post-operative shock and death, following a surgery lasting over 1.5 hours with only

induced paralysis without analgesia, became headline news due to the advocacy

of the infant’s outraged mother, Jill Lawson [21, 22]. Lawson was horrified to

discover that this was typical in neonatal and infant surgery, as she recounts in
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a letter including distressing details of her child’s extensive surgery [21], as were

other mothers with equally disturbing accounts of their infants’ treatment, or lack

thereof [23, 24]. The public were understandably outraged upon becoming aware

of the common practice of neonatal surgery performed with muscle relaxants and

no analgesia, and deserve recognition for their contribution to updating clinical

standards [18]. The combination of Anand’s timely research with simultaneous

public outcry, resulting from their new-found awareness of the unethical state of

neonatal anaesthesia, accelerated the advancement of analgesic use in neonatal

surgery [18, 20]. Later the same year, Anand and Hickey published a review of 201

papers presenting comprehensive evidence that newborn infants feel pain, and went

one step further than suggesting that analgesia should be provided only to reduce

hormonal stress response and post-operative outcomes, but rather that safe analgesia

should be provided on humanitarian grounds in its own right [25]. Mere months

after the fentanyl trial was published, statements from organisations including the

American Academy of Pediatrics [26] and editorials from prominent journals [27–29]

were all released in 1987 recommending appropriate use of analgesia. Given that

there were strong advocates for the appropriate administration of analgesia to infants

to prevent procedural pain even in the 1920s [30], and many neonatologists and

nurses were uncomfortable with its absence [24], it is concerning that nearly 70 years

passed until including adequate analgesia became a standard in infant surgical care

and recommended by relevant authorities.

Even after these formal recommendations, and repeated evidence that analgesia

improves infant stress response and health outcomes [17, 25, 31, 32], a number of

doctors in the 1980s still protested that infants do not experience pain and that

analgesia is not necessary [33]. The practice of male neonatal circumcision is also

important, since this surgery is commonly performed on healthy term newborns,

in contrast to other infant surgeries performed on vulnerable and premature pa-

tients. Throughout the 1990s, analgesia was still not routinely given for neonatal

circumcision in the USA, with inconsistencies across regions and between different

specialist programs [34–36]. One survey in the USA found that training for up to
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40% of clinicians did not include analgesic application for the procedure [35], whilst

another survey found that only 24% of physicians performing circumcisions used any

analgesia [34]. Half of the surveyed physicians still expressed concern over adverse

effects of analgesia, and many held questionable beliefs around the presence and

significance of pain in infants [34]. This is despite clear evidence for very simple

and safe analgesia for circumcision which significantly improves behavioural [32]

and physiological [31] responses in infants, described 20 years prior in 1978 [37]. A

similar survey of urologists in the United Kingdom in 1994 did not find such an

issue with analgesia and anaesthesia for neonatal circumcision, although the authors

suggested that administration of post-operative analgesics for neonates could be

improved [38].

Nevertheless, the worldwide rate of change in attitudes and practice in neonatal

pain management is remarkable. A survey of board certified neonatal-perinatal

physicians in the USA in 1993 found that nearly 100% of physicians believed

that premature and term infants perceived pain at all ages (less than 1% believed

premature infants <35 weeks did not perceive pain), and most reported the use of

anaesthesia and analgesia inter- and post-operatively regardless of infant age, in

contrast to the controversy of the late 1980s [39]. These clinicians were aware that

their attitudes towards neonatal pain and pain treatment had changed in recent

years, citing reasons of increased awareness, scientific literature, and pressure from

parents, nurses, and the media [39]. In 1992, a similar comprehensive survey of

analgesia and sedation in 87% of the UK’s neonatal intensive care units (NICUs)

found that pain relief had become common practice, a marked improvement on

previous years [40]. The lead author also presents an optimistic reflection on the

rapidly updated attitudes and standard-of-care for pain treatment in neonates in the

UK in 1998 [41]. Whilst clinical application of analgesia is thankfully now typical

in neonatal surgery, its provision remains inconsistent across different settings, as

clinicians seek to solve the difficult problem of delivering the safest and most effective

anaesthetic regimes for each procedure in the vulnerable infant [19]. Nor is the

case of providing appropriate pain relief to infants exclusive to surgical practice;
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approaches to pain relief for the many minor routine painful procedures infants

receive, such as vaccinations and blood tests, also requires care.

1.3.3 Modern Pain Treatment in Infants

A recent large-scale multi-centre study of the Epidemiology of Procedural Pain

in Neonates (EPIPPAIN) reported on the occurrence and management of painful

procedures in French NICUs [42]. This was the largest prospective observational

study of its kind at the time, including 430 neonates across 13 NICUs which

served 20% of France’s population [42]. The results of this study shocked medical

professionals and researchers alike, for highlighting the sheer magnitude and frequency

of cumulative painful procedures that term and preterm neonates are exposed to

during NICU stays. Neonates experienced a median of 10 painful procedures per day

in hospital, and a median of 75 total painful procedures for each neonate over their

hospital stay (up to the first 14 days were included in the study). The highest number

of painful procedures recorded for one neonate was 51 painful procedures in one day,

and 362 total painful procedures during their hospital stay. The EPIPPAIN study

also demonstrated the diversity of pain management strategies, and the inadequacy

of their implementation, with 49.1% of painful procedures in neonates performed

without any form of procedure-specific or non-specific concurrent analgesia [42].

Additionally, Cruz et al. systematically reviewed all prospective, retrospective and

cross-sectional studies of procedural pain in neonates admitted to intensive care

units published prior to 2015 [43]. These studies covered 13 different countries

across Asia, Africa, Europe, North and South America, and a total of 3156 infants.

They collectively found a mean of 7.5 − 17.3 painful procedures per neonate per day

in hospital, and a range of 15 − 100% of procedures performed without analgesia,

depending on geographic location. A follow-up to EPIPPAIN, EPIPPAIN-2, was

conducted 5 years after the former, in 16 French NICUs in 2011 [44, 45]. They found

an improvement in analgesia provision with 75.2% of heel lances performed with

any form of analgesia [45], compared to 62.2% in the earlier study [42], and 76%

of venipunctures performed with pre-procedural analgesia [44], compared to 71.9%
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in the original study [42]. It should also be noted that all of these studies consider

the supply of sucrose and other sweet-solution as a form of non-pharmacological

analgesia, and the Cruz review recommends increasing its use, despite conflicting

reports over whether sucrose is helpful or harmful [46–49].

A further Europe-wide extension to these epidemiological projects was completed

in 2015, enrolling 6680 neonates across 243 NICUs in 18 European countries under

the EUROPAIN (EUROpean Pain Audit In Neonates) study into practices of

sedation and analgesia [50]. EUROPAIN found widespread provision of sedation or

analgesia across sites, although pain assessment was only made in 42% of cases, and

there were large unjustified variations in practices between NICUs and countries

regarding frequency (0-100%) and type of sedation or analgesia given to infants

receiving different levels of supportive ventilation [50]. The percentage of painful

procedures including pain treatment compared to the number of painful procedures

being performed in neonates revealed by these epidemiological studies, cumulates to

an incredible number of untreated painful procedures in this vulnerable population.

Each of these studies revealed different standard-of-care between NICUs e.g. different

uses of swaddling, sucrose, and local anaesthetic, depending on procedure. There is

still widespread uncertainty and inconsistency in pain treatment strategies in the

NICU. Attitudes are shifting towards non-pharmacological interventions such as

gentle touch and skin-to-skin contact (also known as ‘kangaroo care’) [51], which

are not thought to pose any potential risks, unlike pharmacological interventions,

whilst demonstrating efficacy for reducing pain and distress [51, 52]. Sucrose is often

reported as non-pharmacological in the literature, but some authors believe this is a

misclassification. Instead, proposing that sucrose be reported as a pharmacological

intervention, as some research suggests sucrose has a similar mechanism of action

to opioids [53], with possible adverse effects [48, 53, 54], and requiring appropriate

dosing management [53, 54]. In recent years, physicians have also been reducing the

number of painful and distressing procedures infants’ receive [51]. This is a good

strategy to reduce excessive pain exposure and its negative consequences. When

considering the ethical and humanitarian concerns, as well as evidence for adverse
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effects of pain exposure on long-term health and wellbeing [e.g., 36, 55, 56], neonatal

pain management needs improvement.

1.3.4 Clinical Pain Assessment Tools

The infant experience is particularly difficult to quantify due to their limited tools

for self expression. Foremost, they cannot articulate their experiences, unlike verbal

populations of older children and adults. Limitations of self-report are particularly

important with regard to the subjective and variable context of pain; different people

can be subject to the same noxious stimulus and have vastly different perceptions of

pain. Clinical practice for neonates, and much of current neonatal research, relies on

“pain scores” which aim to quantify an infant’s pain experience using a combination

of behavioural measures (e.g. facial grimacing), physiological measures (e.g. heart

rate and oxygen saturation) and contextual factors (e.g. age, sleep-wake state).

These benefit from straightforward implementation, important for clinical practice,

and common scales such as the Premature Infant Pain Profile - Revised edition

(PIPP-R) [57] and Neonatal Facial Coding System (NFCS) [58, 59] are considered

to be fairly reliable [60, 61]. Over 40 pain assessment tools have been developed [62]

since the first in the 1980s [58, 59], and yet none are of these are an accepted “gold-

standard” in infant pain measurement, and most have been developed with only

acute and/or procedural pain in mind [62]. Furthermore, whilst certain measures

have been shown to correlate significantly with noxious events (e.g. blood tests),

behavioural and physiological signs underpinning these assessments may sometimes

show inconsistent or even opposite effects [46, 49, 62–65]. Infants’ behavioural

expressions are not specific to pain over distress [64, 66, 67] and their ability to

communicate pain also depends on contextual factors including age, energy to cry,

ill-health, and ongoing or prior pain [62]. These factors can also affect physiological

indicators of pain, for example, inflammation related to infection can suppress

behavioural and physiological indicators of pain compared to noxious-evoked brain

activity [68].
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Clinical measurement tools must be practical and provide accurate results in

order to benefit patient care. The evaluation of these tools must also be robust

and relevant to determine whether the measurement truly reflects the intended

construct. A Delphi study of over 40 international experts in epidemiology, statistics,

psychology, and clinical medicine was conducted to clarify and standardise the

relevant measurement properties for evaluating health measurement instruments [69].

The study produced the COnsensus-based Standards for the selection of health

Measurement INstruments (COSMIN). The COSMIN taxonomy presents three

key domains relevant for evaluating health measurement tools (a) reliability, (b)

validity; (c) responsiveness. Reliability and validity can be broken down into key

measurement properties: reliability includes test-retest, inter-rater and intra-rater

reliability, measurement error, and internal consistency; validity includes content

validity, face validity, construct validity, and criterion validity. The main definitions

are outlined in Table 1.1. Interpretability, the degree to which score values or

changes in value can be assigned a clinical or commonly understood meaning, whilst

not strictly a COSMIN measurement property, is also considered an essential quality

for health measurement tools [69].

Systematic reviews have demonstrated the poor quality of common infant pain

assessment scales, with over half of scales lacking validity and reliability [71],

along with inadequate demonstration of appropriate responsiveness of tools to

pain reduction [72], calling their utility into question. The former review assessed

the quality of 57 infant pain assessment scales [71]. They found that over half lacked

construct validity, internal consistency and inter-rater reliability, and of the remaining

28 scales which were adequately designed with these qualities, only a quarter (7) had

low risk of bias [71]. The authors determined that the highest-quality scales with low

risk of bias for acute pain assessment in preterm and term infants were COMFORT,

NFCS, N-PASS and PIPP. These are all commonly used in clinical and research

settings, although less favourable scales identified by the review are also in common

practice. According to this review, not all scales suggested for use by the American

Academy of Paediatrics have appropriately demonstrated validity and reliability in

12



Measurement Term Definition
Reliability Domain The extent to which scores for patients whose state has

not changed are the same for repeated measurement
under several conditions, e.g. over time (test-retest), by
different people for the same occasion (inter-rater) or
repeated examination by the same person (intra-rater).

Reliability Proportion of measurement variance due to true differ-
ences among patients.

Internal Consistency Degree of interrelatedness among measurement items,
i.e. the extent to which each item of a tool measures the
same construct.

Measurement Error Difference in measurement which is not due to true
changes in the construct being measured, but due to
systematic and random error.

Validity Domain Degree to which the measurement tool actually measures
the intended construct(s).

Content Validity Degree to which the content of the measurement tool
adequately reflects the construct to be measured; whether
the measure is relevant and comprehensive. Within this
‘face validity’ is the subjective assessment of whether the
tool appears to reflect the construct to be measured.

Construct Validity
(There is no gold-standard)

Degree to which scores of the measurement tool concur
with a-priori hypotheses such as expected differences
between groups, with different stimuli, or relationships to
other variables, for the intended construct. i.e. how well
measurements agree with evidence-based expectations.

Criterion Validity
(There is a gold-standard)

Degree of agreement with assessment using a pre-existing
gold-standard.

Responsiveness Domain Responsiveness is treated as its own domain rather than
a subcategory of validity, since it relates to multiple
measurements rather than individual measurements. The
only property is responsiveness, defined below.

Responsiveness The ability of the measurement tool to detect changes in
the intended construct over time. Responsiveness is only
a reflection of longitudinal changes in the construct, not
differences between different patients at the same point
in time. I.e., when the same patients are tested at two
different timepoints, if there has been a change in the
construct (whether due to intervention or otherwise) the
measurement tool should detect this.

Table 1.1: Key measurement properties for health tool evaluation according to COnsensus-
based Standards for the Selection of Health Measurement INstruments (COSMIN)
taxonomy [69, 70].
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the populations in which they are used, and some were based on very limited samples

or flawed assumptions [71]. In the latter complementary systematic review, Meesters

et al. found that only 10 of 43 published pain assessment scales for neonates have

had direct studies of responsiveness to intervention, and none of these responsiveness

studies were of good quality [72]. Standards for measurement quality assessment

were not clear until the publication of COSMIN guidelines in 2010 [69], which

were used to assess quality of the scales in both of these reviews [71–74], therefore

inconsistencies in validation protocols and metrics considered by original studies

prior to this publication by COSMIN are somewhat understandable. Nevertheless,

pre-existing tools need to be held to the same standards as modern developments,

and these reviews help to highlight the inadequacies of many accepted tools, promote

selection of the highest-quality and most relevant assessment tools available, and

drive further necessary research. A greater degree of attention needs to be given to

appropriately validating pain assessment scales in their target populations.

A number of research groups have been working to develop cortical activity mea-

sures as potentially more objective and consistent measurements of pain experience,

since pain perception is processed in the brain. Neonatal neuroimaging tools will be

discussed later in Section 1.4, and their application to the field of infant pain and

pain measurement will be discussed in Section 1.4.4.

1.3.5 Impact of Pain on Long-Term Development

Pain and procedural medical history have a significant influence on infant develop-

ment, particularly in premature infants who are subject to many more procedures

than healthy term-born infants due to the extra and more intensive care that

preterms require in their first weeks of life, e.g. through eye examinations and blood

tests. As revealed earlier, untreated procedural pain can cause adverse short-term

stress responses to the point of fatality in the extreme [17], but there can also be

serious long-term consequences. Repetitive pain in the early life of premature infants

has been linked to both hyper- and hypo-sensitivity to pain in later life with altered
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sensory processing [56, 75–78], and persistent abnormal brain development not only

at infancy, but also in school age children and adolescents [56, 79–81].

In the late 1990s, Anna Taddio and colleagues demonstrated that circumcision

in newborn males resulted in hyperalgesic responses to vaccination at 4-6 months

since birth, compared to uncircumcised males [36]. They also demonstrated that

providing topical local anaesthesia for the circumcision procedure reduced the extent

of circumcised infants’ hyperalgesia to vaccination, compared to those who did not

receive anaesthesia for circumcision (as was standard at the time). This landmark

study demonstrated both that early life exposure to pain can increase sensitivity to

subsequent painful procedures, even many months later, and also that providing

pain relief for these procedures can reduce the long-term negative outcomes. Whilst

the circumcised males who did receive a topical local anaesthetic still exhibited

hyperalgesia compared to uncircumcised males, it is possible that the post-operative

pain was not adequately managed in the circumcision group, since this was not

administered through the study protocol. Therefore, comprehensive pain relief for

early-life painful procedures could potentially reduce hyperalgesic side-effects further

towards baseline. However, the most straightforward method to reduce long-term

adverse outcomes associated with pain is to reduce early life pain exposure where

possible.

Many studies which demonstrate adverse outcome associated with pain exposure

have been conducted since. One study by Grunau et al. firmly demonstrated that

the number of painful procedures a preterm infant experiences profoundly influences

their neurodevelopment at 8 and 18 month follow-up [55]. The mean number of

skin-breaking procedures, as a simple marker of cumulative pain exposure, for the

cohort of 137 preterm infants born at less than 32 weeks GA, was 121 procedures.

Grunau and colleagues found that the number of skin-breaking procedures was

strongly correlated with impaired cognitive and motor development at 8 and 18

months of age, after controlling for early illness severity, days on morphine and

on dexamethasone [55]. Interestingly, lower GA was not associated with lower
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cognitive and motor outcomes when controlling for the same factors, even though

lower GA is strongly correlated with increased skin-breaking procedures. This

demonstrates the importance of reducing painful experiences in preterm infants, and

that understanding and managing pain must be a key goal for improving neonatal

care.

1.3.6 Clinical Unmet Need

There has long been great disparity between pain relief provided to infants compared

to adults, including post-operatively and for acutely painful procedures, and this

remains the case. The provision of pain relief to infants is not standardised, medica-

tion may be prescribed but never administered, and there is a poor understanding

of when and how much pain relief to administer due to the challenges in assessing

pain state in infants. This not only limits assessment of pain to provide analgesia to

infants in practice, but impedes any demonstration of analgesic efficacy in clinical

trials. These problems mean that licensing analgesics for use in infants and neonates

is extremely difficult, and most drugs are therefore used off-label in these groups.

The anxious clinician’s concern about providing off-label medication to infants is

not without cause, since infants can respond differently to adults when given the

same active ingredient, appropriate doses will vary significantly within this rapidly

growing population, and pharmacokinetic (PK) and pharmacodynamic (PD) studies,

which adult prescriptions rely on to determine safe and effective dose regimes, are

all but non-existent in infants [82, 83]. A lack of adequate literature and potential

adverse side-effects associated with neonatal drug use lead to unclear choices for

appropriate analgesic provision [84, 85].

Most drugs are used off-label in neonates due to limited clinical trials into

the efficacy, safety, and appropriate dose regimes. To improve this, the European

Medicines Agency (EMA) [86] (currently under revision [87]) and US Food and Drug

Administration (FDA) [88, 89] both produced legislation to encourage paediatric

drug investigations, however this has not seen follow-through of increased licensing as

hoped [90, 91]. The EMA are currently updating their guidelines, which may have a
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positive impact [87], and both the EMA and FDA have hosted workshops to increase

cross-disciplinary collaboration, to understand the challenges in regulatory approval,

and work to resolve these issues [92, 93]. A recent multicentre study of on-label

and off-label neonatal drug use in The Netherlands found large variation between

NICUs [94]. The authors used a broad definition of on-label drug prescription, where

medicines were considered on-label if the active ingredient had an indication (i.e., use-

case) described for neonates, including if there is a non-specific indication for children

in general, according to the Dutch Medicines Evaluation Board [94]. This is over-

optimistic, since an indication for neonates, or all children, may be described despite

a medication not being licensed in neonates under all circumstances, the license

depends on delivery method such as intravenous or oral dosage, and a particular

dose strength would not be appropriate for both preterm and term neonates of

different PMA and weight. For example, they included all use of paracetamol as

on-label, which is not licensed in (a) infants under 2 months (b) under 3 months (c)

weighing less than 10 kg or (d) preterm neonates, depending on delivery method

(https://bnfc.nice.org.uk/drugs/paracetamol/#unlicensed-use). With

these considerations, they still found that at least 31% of all nervous system drugs

were prescribed off-label for the neonatal age. Another study of the use of off-label

and unlicensed medicines in NICUs used a more specific classification of off-label and

unlicensed drug use in neonates, by classification according to information provided

by the FDA [95]. This study found a more realistic proportion of 49% of medications

used off-label and 25% unlicensed in neonates, that almost all neonates (96%) were

exposed to off-label drugs and two-thirds were exposed to unlicensed medications.

A fifth of these neonates received nervous system drugs of which 48% were used

off-label and 50% unlicensed. Fentanyl, an opioid analgesic given intravenously,

was the most prescribed off-label drug. Whilst this research was conducted in

Brazil, use of off-label and unlicensed medications in neonates is a global issue, with

similarly high frequencies reported internationally [96–102]. Recommendations and

analgesic drug labelling also varies internationally, in the US only oral paracetamol

has approved use in neonates, with the next approved infant drug being ibuprofen
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in infants aged 6 months or more [103]. Whereas in Germany, morphine is approved

in neonates, paracetamol is approved in term neonates, and ibuprofen is approved

from 3 months [103]. Lack of validated objective measures of pain relief create a

poor understanding of the balance of short- and long-term benefits and adverse

effects of these drugs in infants, and contribute to discrepancies in international

drug guidelines.

The EUROPAIN study of sedation and analgesic practices in NICUs in 18

European countries found that 6 countries had national guidelines for neonatal

sedation and analgesia, and 75% of NICUs in the study had local protocols [50].

The widespread variation in sedation and analgesia provision across the EUROPAIN

countries would be reduced if there were informed international guidelines for the

use of sedation and analgesia in the NICU [50]. To produce adequate international

guidelines, we need more trials with robust methods to investigate the therapeutic

and adverse effects of existing and novel medications in neonates for pain-relief, as

well as the efficacy of safe non-pharmacological interventions. The benefits of these

evidence-based guidelines, and validated safe and effective pain-relief in infants,

would not just serve a European population, but all populated continents. Pre-

existing treatments for acute infant pain including morphine and sucrose cannot be

recommended outright, as long-term adverse effects have been observed with both

including poorer motor development [47, 55, 104], as well as growing evidence that

morphine [105, 106] and sucrose [48, 49, 54, 107] are not effective analgesics for acute

procedural pain in infants. Two of these sucrose studies do not themselves dispute

the use of sucrose as an analgesic, since reduced behavioural expression of pain was

evident in sucrose treatment arms [48, 107], however they show that sucrose did

not reduce hyperalgesia - which is associated with increased pain experience [56,

108] - during subsequent procedures [48], nor reduce physiological signs of pain

and distress as the authors expected, including heart rate, oxygen saturation and

energy expenditure [107]. These results suggest that whilst sucrose exhibits a visibly

calming effect on infants, it lacks therapeutic benefit on pain experience and may

not necessarily qualify as an adequate analgesic.
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Even when drugs are recognised as having a therapeutic benefit, such as opioids

for ventilated preterm infants, delivering an optimised efficacious and safe dose

remains challenging. Neonates have greater sensitivity to opioids and lower drug

clearance, and PK/PD profiles depend on the rapidly changing infant weight and

developmental stage [82, 109–112]. Research suggests misunderstanding of differing

drug sensitivity and clearance in neonates may lead to unnecessarily high opioid

dosage above the therapeutic limit [110]. The EMA published guidelines on the

role of PK in developing paediatric medicinal products in 2006 [113], which are

due an update [114]. Appropriate trial designs would account for developmental

differences by stratifying neonates by factors including GA, PNA, birth weight,

and accounting for prematurity and co-morbidity, but recruitment in the neonatal

population is already difficult, and ethical considerations mean reducing risk through

minimising sample numbers [82, 115]. Optimal dosing studies are required for each

drug indication, for example, optimal doses for ventilation will be different for acute

painful procedures and post-surgery. The paucity of neonatal PK/PD studies is

partly due to ethical challenges; PK studies typically require regular blood sampling

which conveys pain and distress, but you cannot increase harm to infants through

increased pain exposure without providing any potential direct benefit to the infants

in the study. This issue is avoided in older participants who can provide consent

for additional procedures. The challenge of profiling developmental PD is also

aggravated by the lack of validated and objective measures of pain in infants which

can be used to quantify pain relief.

1.3.7 Clinical Trials

Conducting clinical trials for pain relief in neonates is complex [116]. A consensus

meeting of the Analgesic, Anesthetic, and Addiction Clinical Trial Translations,

Innovations, Opportunities, and Networks (ACTTION; www.acttion.org) Pediatric

Pain Research Consortium (PPRC) recently convened to synthesise the evidence

around acute pain models and appropriate clinical trial design attributes for neonatal,

infant, and older paediatric populations [116]. This consortium included participants
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from universities, government agencies, and industries with relevant expertise

in treating acute pain or conducting clinical trials for acute pain in paediatric

populations. Acute pain models for drug treatment trials in adults are not directly

applicable to paediatric cohorts. Recommended adult acute pain models include

conditions such as bunions and dental care [117], which are not relevant to paediatric

groups. Recommended neonatal and infant acute pain models represent the most

common procedures; heel lances and circumcision [116]. These are both frequent and

typical in standard clinical practice, although the latter only applies to male infants

and its prevalence varies internationally and culturally. Therefore, heel lances, for

routine blood tests in the clinic, are the preferred acute pain model, and non sex-

specific general surgical procedures such as hernia repair can also be considered [116].

The ACTTION PPRC recognised challenges in neonatal and infant clinical trials

for pain relief, including the aforementioned lack of a gold-standard for infant pain

assessment. Infant pain scales are not sensitive enough for clinical trials, owing to

the subjective measurement of pain and dependence on infant maturation [66, 116].

Pain assessment tools and outcome measures must consider cognitive maturation and

behaviour [66, 116]. Subjectivity and inter-individual variability in noxious sensitivity

increase the uncertainty and error in pain assessment, presenting a challenge for using

pain assessment scales as outcome measures in clinical trials [118–120]. Multimodal

assessment of infant pain encompassing cortical, behavioural, and physiological

measures could provide improved outcome measures for pain in future trials [121].

Methods to adjust for inter-individual variability in noxious sensitivity could also

improve the sensitivity of pain scores as outcome measures in pain treatment

interventions [122]. A review by Olsson et al. reported that clinical trials don’t

always use a contextually valid pain scale either (16% of cases) [123], e.g. they use a

scale validated only for acute pain for the assessment of prolonged pain, or use scales

which haven’t been validated in the target population [123]. The reviewers also note

an unmet need in terms of infant post-operative and prolonged pain relief trials,

which are greatly under-represented, as the large majority of clinical trials concerned

acute pain procedures which could be considered excessively repetitive [123]. They
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suggest that it would be more worthwhile to direct some of these resources towards

the issue of developing care for prolonged and chronic pain in infants, an area of

great clinical relevance [123]. Although this is a far more challenging task, and acute

pain management remains unresolved.

Another related issue raised by the ACTTION consortium is that deciding the

minimal clinically important decrease in pain according to any infant pain assessment

method remains unclear [116, 124, 125]. In adult studies, using verbal pain rating

scales, minimal clinically significant reductions in pain vary depending on the initial

pain severity [126], and developing appropriate thresholds for clinical significance in

adult patients is facilitated by the patients’ ability to directly report whether they

consider the pain reduction clinically meaningful [127]. Similar testing to identify

minimally clinically meaningful thresholds for pain reduction are not possible in

infants, and our best approximations include general guidelines from research in older

populations [128], or the subjective perceptions of parents [125] and clinicians [120,

125, 129]. Pilots or prior research are also often used to determine meaningful

difference estimates for pain assessment metrics [130, 131], but some incorrectly

cite prior research which does not justify their chosen threshold [132, 133], and

there is no good way of determining whether reduction thresholds are optimistically

narrow or pessimistically wide. These uncertainties could lead to overly stringent

requirements for approving a pain relieving intervention if pain reduction boundaries

are set too high, or lead to over-medication if the boundaries are set too low.

Tensions are high around neonatal and infant trials, due to concerns over ethics,

including the use of placebo-controlled trials [134], even where standard clinical

care is included in all trial arms, due to misunderstandings around the meaning

and implementation of placebo-controls as necessarily with-holding care [135, 136].

However, outrage at the existence of no-treatment arms in RCTs and infant pain

research is justified [e.g. 137]1, since all neonates should receive the best standard of
1The authors state that “To avoid confounding by other potential pain-relieving mechanisms,

non-nutritive sucking and touching, or swaddling of participants was not permitted during the
study.” [137], thereby denying the included infants standard-of-care to reduce pain and distress
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pain relieving care at time-of-study. Bellieni and Johnston reviewed the prevalence

of unnecessary infant pain in clinical trials published between 2013 − 2015 [134], but

grouped together trials with no-treatment arms which restricted interventions [e.g.

137] with trials using a placebo/control arm which included routine care [e.g.

138]. The authors admonished all of these randomised placebo-controlled trials

equally, but only the former is unequivocally unethical. Placebo arms are ethically

sound in clinical trials for analgesia provided that the placebo arm still includes

standard-of-care or proven analgesic treatments for the procedure under study. The

comparative treatment arm should include the treatment under study in addition to

any treatments and standard-of-care present in the placebo arm. The placebo should

serve to ensure blinding to the treatment and eliminate intervention effects unrelated

to the active treatment in the clinical trial population, e.g. by providing an oral

placebo vs an oral drug on top of routine care, not to restrict pain relief provision.

ACTTION also recommend randomised placebo-controlled trials in infants with the

use of rescue analgesia, given that excess analgesia, such as overexposure to opioids,

has also been associated with adverse outcomes [116]. Therefore, minimising harmful

overexposure through rescue doses balances risk, rather than being unethical in

withholding analgesia [116]. Additional approaches which attempt to address ethical

considerations are also possible, such as a flexible randomisation design where infants

can be assigned to a group based on parental preference, or randomised if there is

no preference, or designs which assign more infants to the treatment arm on the

assumption that it will be beneficial [116].

Where neonatal clinical trials for analgesics are attempted, they do not always

have the desired outcomes. One recent clinical trial assessing the safety and efficacy

of morphine for Procedural Pain in Premature Infants (Poppi) was stopped early by

the data monitoring committee due to increased respiratory difficulties in morphine-

treated infants compared to controls [106]. This represents one case where the

balance of risk associated with increased hypoxic events, which can be life-threatening

and lead to numerous impairments [139], outweighed the benefits of morphine for

analgesia [106]. When there is so little evidence for the right treatment approaches,
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and drugs are routinely used off-label, it is equally important to ascertain when and

what not to prescribe for neonates to prevent avoidable harm, as well as to validate

the safe and effective medications. The balance between risk and benefit for drug

use is context-dependent, and each potential use-case needs to be rigorously, and

safely, tested to determine the best treatment action for infants [140]. However,

from the point-of-view of pharmaceutical companies, it is not worth investing money

into expensive trials for neonatal analgesia when they are likely to fail to prove

clinical efficacy and meet regulatory requirements in order to receive return on

their investment. There are a growing number of calls to action from academics

and clinicians to improve the landscape of evidence-based and licensed treatment

in the vulnerable infant [85, 91, 93, 103, 116, 140]. Future progress depends on

the collaboration of regulators, funders, researchers, clinicians and pharmaceutical

and drug-discovery companies, to improve the evidence-base for safe and effective

neonatal medicines [85, 93, 103].

1.3.8 Summary

Although a complex task, improving infant pain assessment tools both for clinical

practice and for analgesic clinical trials is imperative for providing adequate pain

relief. As well as humane considerations to do no harm applying to reducing acute

procedural pain, the adverse long-term effects of pain experience further cement

that we need to improve the treatment of pain in infants. This issue is particularly

important for preterm infants, who experience numerous painful procedures during

NICU stays, in order to improve their developmental outcomes.

1.4 Neonatal Brain Imaging Techniques

In this section I will describe the major non-invasive neuroimaging techniques used

for studies of human neonatal and infant brain development, and which are relevant

to the research methods in this thesis. The history of in vivo non-invasive neonatal

neuroimaging dates to the early 1900s with the application of electroencephalography

(EEG) [141, 142]. However, complementary neuroimaging techniques have a very
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short history: magnetoencephalography (MEG) dates to the 1960s [143], the first

newborn functional near infrared spectroscopy (fNIRS) studies were in the 1980s [144,

145], and in vivo magnetic resonance imaging (MRI) began in the 1980s [146]. EEG

is the only neuroimaging technique commonly used for routine clinical assessment

at the cot-side in NICUs, owing to its portability, ease-of-use, and known clinical

markers of health. In this section I will describe how pioneering EEG studies

provided early insight into developmental stages of infant brain function. I will then

explore recent advances in neonatal neuroimaging, which have mainly related to

developments in neonatal MRI within the past two decades. Finally, I will discuss the

challenges associated with neonatal neuroimaging, and how neuroimaging techniques

can be used to study neonatal pain and long-term health.

1.4.1 Electroencephalography

EEG is a long-standing technique for measuring brain activity by measuring the

electrical fields produced by neurons firing using a set of electrodes positioned on

the head. Neonatal EEG has a long history, with recordings dating back to the

1930s [142], and even foetal EEG results were published shortly after in the early

1940s [147]. Since then, researchers have conducted numerous studies to characterise

normal and pathological EEG activity in term and preterm neonates of different

ages. Pioneering work in this field was largely produced by French neurophysiologists

in the 1950s [148–150], therefore certain internationally recognised technical terms

describing EEG patterns remain in their original French [149]. In the late 1990s, a

world-class team of French and English-speaking physicians sought to harmonise

the use of French and English terminology in neonatal EEG research, drawing from

literature of both languages to publish the first glossary of neonatal EEG [148],

which has since been updated in 2010 to reflect advances from analogue to digitised

EEG recordings [149].

Interpreting neonatal EEG requires consideration of GA, PMA and arousal

state, amongst other clinical details [149]. Characteristics of normal EEG are

rapidly evolving from preterm to post-term; the EEG trace of a healthy infant at
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30 weeks observed in a 32 week infant would indicate dysfunction and dysmaturity.

In extremely preterm neonates, background EEG is characterised by discontinuous

traces (tracé discontinu) comprising bursts of activity separated by long intervals of

inactivity, ‘delta’ waves which describe high-amplitude low-frequency activity, and

sharp ‘theta’ waves of variable amplitude, with no discernible difference in EEG

activity across arousal states. With increasing PMA in the preterm, background EEG

becomes a mix of discontinuous and continuous traces, with periods of continuity

lengthening, and number of theta waves increasing, with increasing age. By 30

weeks, arousal or sleep-state is identifiable from the EEG traces, differentiated by

the degree of trace continuity and artefact. At the same time, the slow delta waves

become progressively superimposed with low amplitude high frequencies, known

together as ‘delta brushes’ [150, 151]. Delta brushes are a hallmark of prematurity

which disappear from healthy EEG by 38-40 weeks PMA [152]. By term age, and in

the term newborn, EEG should comprise predominantly continuous activity across

all arousal states [151, 152]. Given the complex evolution of EEG activity with

age, it is imperative to have accurate infant demographic and clinical data and to

consider these factors when interpreting infant EEG data.

By neonatal neuroimaging standards, EEG has a long history, and its features are

well-understood and well-characterised across infancy with respect to both healthy

and pathological brain activity [151]. EEG is routinely used for cot-side monitoring

in neonatal intensive care and, owing to its portability and flexible set-up, it is

used for continuous measurement without disrupting normal infant care, such as for

pre- and post-surgical monitoring. Recent and future advances in EEG surround

increasing automation, whether using artificial intelligence (AI) for accurate artefact

detection, automated identification of pathologies and infants requiring care, or for

short- or long-term outcome prediction models. One such implementation of recent

advancements in AI algorithms in infant EEG research has been the development

of accurate prediction models of infant brain-age from EEG data [153]. However,

significant advances in neonatal brain imaging techniques in the past 10-20 years
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have largely concerned the application of MRI in neonatal populations, which are

discussed in further detail below.

1.4.2 Recent Advances in Neonatal Brain Imaging

Modern advances in non-invasive neuroimaging techniques have revolutionised our

understanding of the human brain, including expanding our knowledge of infant

brain structure and function, and early brain development. In combination with

results from adult and animal studies, this technology has also allowed us to probe

questions of how infants may experience the world, which are incredibly difficult to

answer without the capability of direct report. In particular, imaging techniques

offer value towards understanding pain experience.

1.4.2.1 Functional MRI

One key neuroimaging technique for examining the functional development of the

brain is functional MRI (fMRI), which has been vital to uncovering the early

organisation of functional networks of activity in the preterm and newborn. fMRI

measures blood-oxygen level-dependent (BOLD) signals related to fluctuations in

brain activity [154]. This signal arises since an increase in brain activity increases

metabolic demand in the region of activity, which is followed by an increase in

blood flow to deliver oxygenated haemoglobin to the active region [154]. These

fluctuations can be measured at rest, as well as in response to tasks and stimulation.

fMRI can provide insight into resting-state brain function as well as evidence for

spatially-localised functionally-specific brain regions which are active in response to

specific stimuli, through non-invasive high-resolution images of deep brain structures

in the order of millimetres [154, 155].

Resting-state fMRI

The advent of resting-state fMRI (rs-fMRI) has been fundamental to uncovering the

functional organisation and connectivity of the infant brain, and studying normal and

abnormal early brain development. Understandably, in infants and young children,
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the use of task-activation fMRI to probe specific task-related activity, is difficult in

a population who cannot follow instructions, whereas rs-fMRI can be acquired in

any state of rest, typically during sleep in infants. rs-fMRI can be used to examine

correlated activity known as functional connectivity (FC) between pairs of brain

regions, as well as measure spatial patterns of temporally-correlated brain activity

known as resting-state networks (RSNs). Changes in FC and the shape and strength

of RSNs in infants can be mapped with age and developmental stage [155–158].

Whilst the first rs-fMRI of FC in adults was published nearly 30 years ago [159], the

first study in neonates was only published in the last 15 years [160]. The number of

rs-fMRI studies in neonates has grown significantly since. A cross-sectional study

comparing FC in neonates to that of 1- and 2-year old infants was published one

year after the first neonatal fMRI study [161], and several key studies into the

longitudinal development of functional networks in premature infants were published

soon after [156, 162]. Although several studies have investigated the relationship

between features of structural and microstructural MRI in neonates to their longer-

term neurodevelopmental outcomes, such as cognitive and motor function at school

age [163, 164], there are very few studies comparing functional development using

rs-fMRI data in neonates to later neurodevelopmental outcomes [165, 166]. Despite

these advances, the field of infant rs-fMRI research remains small, with a PubMed

search of key terms identifying up to 216 infant rs-fMRI studies published since

20071, compared to almost 9,000 adult rs-fMRI studies in the same time-frame2. A

similar search by Zhang et al. in 2019 concluded there were fewer than 100 individual

infant rs-fMRI studies published within the previous two years compared to over

2000 total rs-fMRI studies in the same period [167].

A recent study by Smyser et al., in 2010, characterised the longitudinal de-

velopment of FC and RSN localisation in preterm infants born at 23 − 34 weeks,
1PubMed search on 01/08/2022: ‘(infant) AND (resting-state functional MRI)) NOT (re-

view[Publication Type])’, using filters to include only human studies of newborns and infants 0-23
months. Search results were not manually checked and the true number of original infant rs-fMRI
studies in this search may be fewer due to imprecision of the search methods [167].

2PubMed search on 01/08/2022: ‘(resting-state functional MRI) NOT (review[Publication
Type])’, using filters to include only human studies of adults of 19+ years.
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scanned at multiple timepoints throughout prematurity and at term-equivalent age

(from 26 − 42 weeks PMA), with comparison to term-born controls [156]. Smyser

et al. also described 11 major RSNs identified at each timepoint and mapped

the maturation of these RSNs through changes in their strength and shape with

age. They identified each of these RSNs in preterm infants at all scans, including

the earliest at 26 weeks, demonstrating that even extremely premature infants

have key functional networks. However, there were characteristic developmental

changes in these functional networks with age. RSNs were initially more diffuse in

nature in premature neonates, becoming more localised with increasing PMA. In

general, long-range interhemispheric FC increased with PMA, however, differences

in development of long-range FC between hemispheres depended on the network

of interest. For example, increases in interhemispheric connectivity with increasing

PMA were evident in the sensorimotor cortex, whilst long-range FC in the temporal

cortex remained low throughout all ages studied, and anterior cingulate cortices had

stable significant interhemispheric connectivity across all ages studied including even

the most preterm infants. This demonstrated clear heterogeneity in the maturation

of different functional networks and emergence of bilateral connectivity. They also

found evidence that prematurity impacted development of functional networks by

comparing preterms at TEA with term-born controls. Term-born controls had further

localised RSNs with increased long-range interhemispheric FC to homotopic regions

compared to their preterm counterparts. Doria et al. detailed a complementary

study of preterm and term-born infants (29 − 43 weeks PMA) a few months later,

and was the first to illustrate the emergence of facsimiles of all major adult RSNs by

term age [162]. Doria et al. identified a more complex default mode network (DMN)

at term age, involving cortices comprising the adult DMN, where previous studies

only reported fragmented DMN components similar to those found by Doria et al.

in the preterm infants studied before term [162]. Doria et al. reproduced findings

of the Smyser study concerning the maturation of FC in the early infant brain,

finding increases in interhemispheric connectivity of sensorimotor networks, amongst

others, with increasing PMA [156, 162]. Together, these studies have shown that
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infant development of functional networks does not progress equally, with different

trajectories of spatial organisation, connectivity, and strength for each network;

nevertheless, all major adult RSNs, including facsimiles of higher-order default mode

and executive control networks, are present in healthy term and preterm infants

at TEA [155, 156, 160, 162]. However, unlike Smyser et al., Doria did not find

differences in FC between preterms at term and term-born controls. The studies

differed in their sedation practices, and both studies included only 10−12 term-born

controls, so they may have been underpowered to test for differences between groups.

Doria et al. also suggested that, although both studies aimed to recruit healthy

preterms without brain injury or abnormality, the discrepancy may be explained by

undetected clinical differences in the preterms, which may only become apparent

with long-term follow-up. The tendency for research to restrictively recruit only

the healthiest preterm infants does not provide a truly representative cross-section

of the premature infant population [168], and until very recently, there had been

insufficient studies to provide any further clarification.

Novel large-scale Open Science projects such as the developing Human Con-

nectome Project (dHCP; www.developingconnectome.org), have enabled more

detailed and powerful studies of early infant brain development by pooling multi-

centre resources to gather high-quality neuroimaging data of an unprecedented

number of diverse infants, and releasing this data for wider academic research.

Eyre et al. harnessed this dHCP dataset release to conduct the first large-scale

study of RSNs and FC in over 300 infants studied at term, including 65 preterm

infants, in 2021 [158]. Their study sought to address the outlined discrepancies in

prior research, such as the nature of the developmental trajectory and emergence

of an adult-like topology of higher-order networks including the DMN in infants,

and to determine precisely how preterm birth affects RSN development and FC

by term-equivalent age, compared to term-born controls. With this large dataset,

they were able to precisely map the typical development of FC and organisation of

RSNs throughout the perinatal period. They found agreement with prior studies,

showing that FC increases in premature infants with increasing PMA, and finding
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heterogeneous development of functional networks, whereby primary networks, such

as visual and sensorimotor networks, mature earlier than higher-order networks

such as the DMN. Meanwhile, despite the clear maturation of preterm infants’

functional networks as they age, they found that preterm-birth is associated with

significant disrupted development of functional networks, with FC at TEA largely

reduced compared to the standard of term-born controls. This disruption was

dependent on degree of prematurity, as lower GA was associated with greater

decreases in FC at TEA compared to term-borns. They also concluded that whilst

they observed DMN-like network fragments, which showed the greatest increases

in within-network connectivity throughout the term period, these RSNs did not

include all cortices implicated in the adult DMN, and therefore these results support

a longer developmental trajectory of adult-like higher-order networks, which other

studies suggest completes over the first year or two of life [157, 169, 170].

Stimulus-evoked fMRI

Whilst much neonatal fMRI research has utilised resting-state data, stimulus-

evoked fMRI (stim-fMRI) studies, the counterpart to task-fMRI in adults, have

also generated significant advances in neonatal neuroimaging in the past decade.

Initial stim-fMRI studies successfully characterised BOLD responses to sensorimotor

stimulation, by using programmable passive motor and tactile stimuli of the

hand [171], and robotic devices to measure both passive and active motor function of

the wrist [172, 173]. These investigations found localised somatosensory cortex and

primary motor cortex activation contralateral to the stimulated areas in preterm and

term infants [171, 173], matching patterns of activity found in adults [174]. These

results demonstrated that the sensorimotor cortex is already considerably organised

in newborns, and even in early prematurity, including the functionally lateralised

response pattern observed in adults [175]. Longitudinal analyses in preterm infants

from preterm to term-equivalent PMA found that the BOLD responses progressed

with increasing age towards more complex activation patterns, including bilateral

responses [171, 173], increased localisation of functional activity, and integration of
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further sensorimotor regions including the secondary somatosensory cortex and basal

ganglia [173]. These patterns may demonstrate maturation in these infants towards

more adult-like sensorimotor function, as they are similar to the complex responses

to active motor stimulation observed in adults [174]. These results have been recently

reproduced by Scheef et al. using novel neonatal-specific MRI coil technology, which

improves signal-to-noise in infant data by fitting closely to their markedly smaller

heads compared to standard MRI coils designed to suit adults [175]. Scheef et al. also

conducted a 2-year follow up to demonstrate that these early functionally-lateralised

sensorimotor responses to passive motor stimulation were present in preterm infants

without evidence of abnormal motor function at 2-years [175]. Similarly, sensory

fMRI studies of noxious [176–178], gentle tactile [176, 179], visual [180], auditory

music [181] and language [181, 182] stimulation, the majority published in the past

10 years, have all demonstrated that the infants’ functional networks activated by

these sensory stimuli are similar to that of adults. Marked differences to that of the

fully-developed adult brain are also noted, including that regional specificity of visual

responses to faces over other object scenes, which are present in adult functional

activity, were not evident in infants aged 4 − 6 months [180], and how certain

patterns of activity relating to the complex psychological constructs around pain

experience in adults, such as expectation and contextualisation, are not observed in

infants [177, 178]. Determining the timescale over which these mature adult-like

features of stimulus-related activity emerge, and identifying the key developmental

stages for maturation of functional network organisation, is an unanswered field of

research, requiring detailed longitudinal studies from infancy, through childhood,

and beyond.

1.4.2.2 Diffusion MRI

Before the recent advancement of non-invasive brain imaging techniques, understand-

ing of structural development of the human brain was based on post-mortem studies.

This is a limited and sub-optimal approach, since the sample available for neonatal

post-mortem investigations are more likely to represent abnormal development,
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and it is not possible to study functional correlations of brain structure this way.

However, these histological examinations have provided a solid groundwork and

complementary information to interpret non-invasive MRI data to study white

matter (WM) development [164, 183]. Diffusion MRI (dMRI) scans can be acquired

to examine tissue microstructure and anatomical connectivity of the brain non-

invasively [184].

The principle of dMRI is to use magnetic field gradient sequences to measure the

diffusion of water in brain tissue, which is encoded in the MRI signal through spatial

and temporal variation in the magnetic field [185, 186]. Two common quantitative

measures of diffusion which can be extracted from dMRI are fractional anisotropy

(FA) and mean diffusivity (MD), which measure the directionality of the diffusion and

the average amount of diffusion over all directions, respectively. High FA represents

greater anisotropy, or more directional diffusion, whilst low FA represents more

isotropic diffusion. MD increases with greater mean diffusion over all directions.

The diffusion of water is influenced by tissue structure, whereby diffusion is greater

along the direction of tissue fibres (axial diffusivity) and impeded perpendicular

to the direction of tissue fibres (radial diffusivity). Images acquired from dMRI

can therefore be used to measure correlates of brain microstructure, primarily

spatial anisotropy of diffusion and rates of diffusivity in the brain, which relate

to tissue organisation (WM bundles) and tissue myelination. dMRI investigations

are typically focused on WM, where axons are concentrated, but there are also

advanced dMRI techniques which allow investigation of grey matter [184, 187]. The

anatomical connectivity of WM fibres can be mapped using tractography algorithms,

which reveal the architecture of WM tracts connecting different regions in the brain.

Tractography is the only way to investigate structural connectivity of the brain in

vivo [184], and allows investigation of changes in structural connectivity and relation

to FC.

Using dMRI, all major adult WM bundles can be identified in the infant brain,

although they are less myelinated at this stage [183, 188, 189]. dMRI studies have
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detailed the architecture of the premature brain, demonstrating that at 30 weeks

PMA, structural connections are modularly organised much like in adulthood [183,

190–192]. From prematurity to term age, neonatal structural networks become more

densely connected and clustered [183, 193, 194], with more efficient connections [194].

There are further significant increases in global efficiency and mature organisation

of the structural connectome over the first two years of life [183, 195]. Increases in

global and local efficiency during early infancy are linked to WM maturation, which

provides a more compactly organised network and efficient information-transfer [190,

194]. On a macrostructural level, brain volume also increases rapidly to reach

90% of the adult size by 2-years of age [196]. Ouyang et al. provide a detailed

review of distinct foetal and infant brain maturation processes from conception to

2 years post-birth, and several months beyond [197]. Much like infant functional

development, infant structural connectivity develops heterogeneously across brain

regions [191, 194]. Regions with greater rates of developmental changes in structural

efficiency during the neonatal period are consistent with the literature surrounding

functional development. For example, Zhao et al. found significant increases in

structural efficiency in the left and right precentral and postcentral gyrus from late

preterm to term-age [194], regions which are essential for primary sensorimotor

functions, which, as discussed earlier, fMRI has identified as an early maturing

functional network in the preterm infant [156, 162]. A recent review of foetal and

infant brain development explains that structural architecture involved in primary

functions are more mature in the neonatal brain, and this architecture evolves to

support high-order functional networks with increasing PNA [191].

Structural connectivity studies have also revealed that short-range connectivity

increases faster postnatally than long-range connectivity in preterm neonates [194],

which is similarly reflected in functional connectivity literature [191]. However,

studies of structural development following preterm birth, whether longitudinal

or cross-sectional comparisons to term-born neonates, do not necessarily describe

the typical in-utero structural development of term neonates. Evidence of marked

differences in functional development in preterm compared to term infants should
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provide a clear warning against any assumption that preterm development mirrors

in-utero development, and signal that the extrauterine environment can dramatically

impact trajectories of infant brain development. Although the global organisation

of structural networks does not appear to be disrupted by prematurity, except in

cases of brain injury and lesions, prematurity has been shown to affect the quality or

strength of structural connections [191]. For example, Ball et al. demonstrated that

prematurity is related to altered strength of short- and long-range connectivity and

reduced network capacity [192]. Recent advances in foetal neuroimaging techniques

and improved resolution could provide key insights into the structural development

of the term neonate compared to age-matched preterm infants.

Insights from Foetal dMRI

Foetal MRI studies, especially involving large datasets, are rare, since the technical

challenges are even greater than ex-utero infant MRI scanning. These challenges

include the constant motion of the foetus which causes image artefact, and effects

of maternal tissue which need to be accounted for in image processing. A recent

study by Sian Wilson et al. used state-of-the-art foetal MRI techniques to map

WM development in-utero from 22-37 weeks gestation [198]. The foetal MRI data

analysed by the authors in this study was acquired under the dHCP project, and

comprises the largest and highest-quality open foetal MRI dataset to date, with over

100 healthy subjects with high-quality images. An impressive 7̃5% of all 151 scanned

foetuses were able to be included after uncorrectable motion artefact rejection. By

comparison, an earlier high-quality foetal dMRI study by Zanin et al. in 2011 was

only able to include 17 (28%) of 61 healthy foetuses’ dMRI scans after rejection

based on excessive motion corruption [199]. This novel high-resolution dHCP dataset

allowed the authors to examine normal WM tract development during the second

and third trimesters with an unprecedented degree of sensitivity and specificity.

They focused on the in-utero developmental trajectories of five WM tracts which

have been implicated in neurodevelopmental disorders under abnormal development.

Interestingly, non-linear maturational changes in FA and MD were observed in most
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tracts, whilst on a whole-brain level FA increased linearly with GA. These non-linear

trajectories were a novel finding, since most earlier studies only captured development

during the later stages of the third trimester, and observing trends only from 28- or

30-weeks onwards would appear to show a linear relationship as these ages coincide

with the turning point in the non-linear trajectories. Although, a limited number

of earlier studies did also suggest a non-linear relationship between MD and GA

during foetal development [199, 200]. The direction of changes in MD and FA within

each tract were inverted, which is expected since the same underlying organisational

changes are reflected in these metrics by changing in opposite directions. These

dMRI data cannot themselves explain the neurobiological basis for the non-linear

trends in FA and MD with age, nor the heterogeneity observed between different

tracts. However, when considered in relation to histological findings, likely causes can

be postulated. Initial early increases in MD could be explained by the early stages

of tissue organisation, which initially increases overall diffusion since diffusion is less

hindered by coherent fibres compared to an entangled tissue state [198, 199]. However,

at a critical point around 30-weeks, further tissue organisation, pre-myelination

processes, and increased production of extracellular glial matter serves to decrease

overall diffusivity by reducing diffusion in the extracellular matrix and directing

diffusion predominantly along fibre bundles in a more controlled manner [199, 201],

which is observed as a ‘linear’ decrease of MD with GA from 30-weeks [198, 199]. As

with MD, the turning point in the non-linear relationship of FA with GA appears

to be around 30 weeks in Wilson et al.’s data, which corresponds to the age at

which several developmental processes which could affect FA transition, such as the

generation of immature oligodendrocytes and their organisation around axons to

form a premyelin sheath [201]. Linear increases in FA at later GA are likely due to

increases in axonal growth and insulation by developing premyelin sheaths, improving

the directional diffusion along the fibre tracts rather than escaping through the walls

of more porous unsheathed axons [199, 201]. Detailed in-utero studies of healthy

WM development are imperative for providing a template of normal trajectories

with which abnormal WM development can be identified, whether in-utero or in
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ex-utero premature infants. This could be used to identify infants with or at risk

of neurocognitive impairments at an earlier stage, and direct care to support these

infants. The dHCP foetal MRI data has only recently been published, and it remains

a relatively untapped source of potential knowledge to provide further insights into

early human brain development.

1.4.3 Common Challenges in Neonatal Brain Imaging

There are a number of challenges to conducting neonatal neuroimaging research,

particularly MRI studies. Many of these challenges result in small sample sizes in

neonatal neuroimaging research. Reasons for this include difficulties recruiting for

MRI research due to (i) the importability of MRI scanners and need to transport

the infant off the hospital wards or co-ordinate with patients to visit from home, (ii)

parental concerns around safety and (iii) limitations on infant eligibility for studies,

such as strict age limits due to the rapidly developing brain or stringent health

requirements. MRI scanner time is also expensive, and requires co-ordination of

researchers, medical professionals to monitor infant vital signs, MRI radiographers

and technicians to conduct the scans. Scan times for infants are often longer than

adults to ensure infant comfort and allow for waking and feeding breaks. Specialist

equipment and acquisition methods are also required to keep the infant safe and

comfortable throughout, such as providing adequate ear protection and ensuring

scan noise and length is kept to a minimum [202]. Collectively, this resource-

intensive set-up makes recruiting, co-ordinating, and funding larger sample sizes

very difficult. Although small sample sizes in infant neuroimaging research are

commonly criticised [203], these studies are worthwhile. Since these studies are

resource-intensive and costly, using small samples for exploratory research, generating

hypotheses and piloting high-risk designs, is a valuable use of time and money. This

approach directs resources wisely by developing well-designed large-scale studies built

on prior knowledge [203], and is important for protecting infant safety if using new

sequences and imaging protocols. Large infant cohorts are not practical to recruit

for every research question, but a combination of small-scale studies and larger
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multi-centre studies can be used to generate and investigate specific hypotheses.

In order to utilise resources effectively, researchers need to embrace open research

and data sharing practices. By sharing infant neuroimaging datasets we prevent

waste of available resource and information, and enable the acceleration of research

development and our understanding. Neonatal MRI data is a valuable resource

which should be used to its full extent. Initiatives like the dHCP which provide

unprecedented large open infant neuroimaging datasets help to combat these issues

and advance neonatal research.

Infant MRI scans are typically performed while participants are in a natural

sleep slate [203, 204]. This beneficially reduces motion and indicates the infant

is comfortable, unless they awake. If infants awake and become unsettled, time

is required to try and re-settle the infant to continue scanning. The feed and

swaddle technique is a safe, low-cost method of reducing infant motion comfortably,

and promoting sleep during the scan, although this method becomes increasingly

ineffective in older infants [202, 204]. Whilst infant sedation is possible for clinical

MRI it is questionable for research purposes, as infant safety is of the utmost

importance. Therefore, acquiring high-quality neuroimaging data becomes difficult

beyond the first postnatal week as neonates become increasingly active and images

become further corrupted with motion artefact. The fact that neonates are typically

asleep may affect the nature of fMRI activity recorded, but this remains the safest and

highest-quality method to acquire usable fMRI data, since fMRI is easily corrupted

by motion artefact [203]. Acquiring infant MRI data in naturally-asleep infants

is still demonstrably useful, with many research papers dedicated to identifying

patterns of typical and atypical development, and demonstrating predictability of

long-term outcomes from MRI data acquired in naturally-asleep neonates. Some

sequences are particularly sensitive to motion, so that even with all reasonable

motion-reduction measures in place, motion artefact is too great which leads to very

high rejection rates and makes analysis impractical [e.g., for Arterial Spin Labelling,

205].
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There are advanced neuroimaging methods which would be very informative in

neonatal research, but challenges pose a great barrier to implementing and adopting

these methods. For example, simultaneous EEG-fMRI combines the benefits of

EEG and fMRI to provide brain activity data with both high-quality spatial and

temporal resolution. However, it took nine years since its inception before an

infant EEG-fMRI study was conducted [206], and it remains the only published

infant EEG-fMRI study 5 years later. This is doubtless due to the complexity of

collecting MRI data alone in infants, without adding to the challenge by combining

MRI with an additional neuroimaging technique. Another area of interest is to

perform awake stimulus-fMRI in infants, e.g., to investigate visual and auditory

responses in the awake infant. This also proves prohibitively difficult, since the

infant is unlikely to be content with the noisy MRI environment to (i) complete

the scanning session restfully awake, and (ii) remain still enough whilst awake to

acquire high-quality MRI data. Stimulus-fMRI is performed in sleeping infants since

they are more amenable to scanning. If neuroimaging acquisition and pre-processing

methods improve enough to allow scanning protocols which provide high-quality

task-activation data in the awake and settled infant, this would be really interesting

for advancing our knowledge of functional brain development and comparing to

task-activation during sleep.

Other future areas of interest relate to hardware improvements. One potential

area is acquiring high-field images using the recently available 7 T MRI, compared

to current standards of 1.5 − 3 T MRI. The Wellcome Centre for Integrative

Neuroimaging at the John Radcliffe Hospital (Oxford) site installed a 7 T MRI

scanner in 2011 (https://www.win.ox.ac.uk/about/facilities/7-tesla-

human-mri-scanner). Higher resolution images provided by 7 T scans would enable

us to extract fine structural detail of the infant brain, but first, safe scanning protocols

for neonates and infants need to be developed. Another significant improvement is to

be found by using neonatal and infant-specific head coils [207]. Neonatal head coils

are far smaller than the standard MRI coils which are designed for adult anatomy.

These specialised coils improve signal:noise (SNR) significantly by reducing distance
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of the coil from the infant’s head. The signal attenuates quickly with increasing

distance of the coil from the head, so the coil size is one of the main factors influencing

SNR [207]. Using a smaller infant-specific coil sounds a simple improvement, but

the barrier to uptake includes the great expense of MRI equipment, as well as time

and resource required to learn how to use a new coil, to refine protocols in order to

acquire optimal images with the new set-up, and to receive a worthwhile return on

the investment.

1.4.4 Neonatal Brain Imaging to Measure Pain

Observing brain activity and features of brain maturation, rather than observing

outwardly visible facial features, could be an objective method to better understand

neurobiology underlying infant pain sensitivity, and develop methods to tailor pain

treatment to the individual to reduce adverse effects associated with pain exposure

and inappropriate analgesia. Cortical measurement of noxious-evoked activity as a

pain assessment tool has high face validity (Table 1.1). Since pain is mediated by the

brain, logic follows that measurement of noxious-specific brain activity can reflect

pain experience. The first measurements of cortical activity in response to acute

noxious stimuli in neonates used fNIRS, measuring cerebral haemodynamics, to

identify noxious-evoked haemodynamic responses in the somatosensory cortex [208,

209]. However, fNIRS has lower temporal resolution than EEG and lower spatial

resolution than fMRI, therefore these latter two techniques have the potential to

provide deeper insights in neonatal pain research. As with other streams of neonatal

neuroimaging research, EEG is popular in the pain field, due its portability, low-cost

and ease-of-use in clinical settings, where EEG is already used routinely. Although

fMRI is a more restrictive technique which is not feasible for routine clinical use,

by furthering general understanding of the infant pain experience through fMRI

research, it may be possible to develop detailed pain models which can ultimately

lead to better clinical outcomes. For example, by using fMRI models in clinical trials

for pain treatment, or by identifying pain-intensity encoded brain signals which can

be measured with more portable techniques, or investigating factors which influence
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pain sensitivity or pain management outcomes that can be translated into better

clinical management.

The use of neuroimaging techniques to study infant pain and pain treatment is

becoming increasing prevalent, including to study the impact of pain, analgesia and

anaesthetics on neurodevelopmental outcomes in later life [210]. Multimodal MRI

techniques have also been recognised as pain-specific and anaesthetic-agent specific

by paediatric professionals [210].

1.4.4.1 EEG Studies of Noxious-Evoked Brain Activity

The first EEG study to measure noxious-evoked brain activity in infants was

published in 2010 [211]. This study identified a noxious-specific event-related

potential (ERP) that discriminates noxious from non-noxious tactile stimulation.

EEG studies have determined that extremely preterm infants display delta brushes,

the non-specific neuronal bursts, to noxious and tactile stimuli, which gradually

transition to modality-specific responses with increasing age [212, 213]. Early

investigations reported that noxious-specific responses start to dominate in the

late preterm, at approximately 34 weeks [212, 213], at the same time as non-

noxious tactile-specific responses emerge [213]. These studies identified minimal

to non-existent noxious-specific brain activity observed in infants at less than 32

weeks [212, 213], and at ages younger than 32 weeks there was substantial overlap

between non-noxious tactile and noxious-evoked cortical responses [213]. Interpreting

this finding is difficult, perhaps this implies that non-noxious touch and noxious

stimuli are both unpleasant sensory experiences in extreme prematurity, but early

skin contact and positive affective touch has been linked to physiological stability

and pain reduction [214–216], whilst pain exposure has been linked to negative

outcomes [56, 77, 79, 214]. Noxious-evoked responses increase in magnitude with

increasing PMA [217], which matches infants’ increasing behavioural discrimination

of noxious and non-noxious stimuli with increasing age [213]. Research suggests

that sole behavioural discrimination of non-noxious tactile and acute noxious stimuli

is apparent from approximately 34 weeks, at the same time as modality-specific
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cortical activity appears to emerge [213]. Recent research by van der Vaart et al.

demonstrated that noxious-evoked brain activity undergoes an additional transitory

stage between 30 − 33 weeks PMA, with a morphologically distinct EEG pattern

including a negative peak 400 − 500 ms after noxious stimulation [218]. This is

different to the previously reported modality non-specific delta brushes in infants

< 34 weeks [212], and the characteristic template of noxious-evoked activity for infants

> 34 weeks involving a positive peak ∼ 400 − 700 ms after noxious stimulation [211,

219]. Importantly, noxious-evoked brain activity was discriminable from non-noxious

activity even in these 30 − 33 week-old infants, and multi-modal models including

EEG activity, autonomic and behavioural responses were able to discriminate noxious

from non-noxious stimuli with nearly 80% accuracy in infants as young as 28 weeks

PMA [218]. This is promising for the implementation of cortical activity as a

surrogate measure of pain, complementing behavioural and physiological signals, to

optimise the delivery of pain treatment and validate analgesia for the most vulnerable

premature infants.

The noxious-evoked EEG response from 34 weeks PMA was characterised in

detail by Hartley et al. in 2017 [219]. The authors identified and validated a template

of nociceptive brain activity from infant noxious-evoked EEG activity, that can

be used to quantify infant noxious-evoked responses to acute stimuli [219]. The

detailed publication included a study which demonstrated the template measure’s

ability to discriminate between noxious and non-noxious activity in both term and

preterm infants (34 − 43 weeks PMA), correlation of the template measure with

behavioural indicators of pain, as well as the template measure’s responsiveness

to pain relieving interventions [219]. The authors shared this template freely as

a supplementary file with the original publication, and their methods, and other

similar EEG ERP approaches, have been implemented in a variety of settings to

study infant noxious-evoked activity. This approach has been used to investigate

a range of acute tissue damaging clinical procedures including heel lancing [211,

216, 219, 220], vaccination [122, 221], and cannulation [222], as well as mild non-

tissue damaging experimental noxious stimuli [215, 219, 223]. It has also been
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used to evaluate the efficacy of numerous pharmacological and non-pharmacological

analgesic interventions, including morphine [106], paracetamol [68], topical local

anaesthetics [219], sucrose [49, 220], kangaroo care [216, 224], breastfeeding [220],

and gentle touch [122, 215]. In addition to age [212, 217] noxious-evoked EEG

response magnitudes are stimulus intensity encoded [225], and are affected by

inflammation [68], mode of delivery [223], sex [226], stress [227] and premature

birth [228]. EEG is a highly practical technique for infant pain assessment which

can be implemented cot-side, is familiar to clinicians, and provides high temporal

resolution.

1.4.4.2 fMRI Studies of Noxious-Evoked Brain Activity

fMRI provides complementary insight into cortical processing of pain in infants

compared to EEG studies. fMRI measures haemodynamic responses rather than

electrophysiological activity, provides whole-brain coverage with access to deeper sub-

cortical brain regions and greater spatial resolution than EEG, although with lower

temporal resolution. The spatial resolution afforded by fMRI allows us to compare

cortical activity between adult and infant populations which offer insights into

potential similarities and differences between adult and infant pain experience. This

method could also be used in research settings to probe the neurophysiological basis

for inter-individual variability in pain sensitivity, and lead to greater understanding

of factors underlying the experience of infant pain and how to treat infant pain.

The first infant noxious-evoked fMRI study was published by Williams et al. in

2015 [176]. This established an experimental paradigm for studying infant noxious-

evoked activity in MRI scanners using experimental noxious stimuli [176], since MRI

scanners are not a safe nor practical environment to conduct clinical procedures. This

was an exploratory study demonstrating the feasibility of collecting infant noxious-

evoked stim-fMRI data. Their results confirmed prior EEG findings [225], that infants

display intensity-encoded nociceptive responses [176]. They also demonstrated that

noxious stimulation evoked activity in several brain regions including primary and
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secondary somatosensory cortices, and the pattern of noxious-evoked activity differed

from that evoked by non-noxious tactile stimulation [176].

Soon after this proof-of-concept study, Goksan et al. published a landmark fMRI

paper revealing the spatial overlap between noxious-evoked activity in adults and

infants [177]. This study established high similarity between regions of noxious-

evoked brain activity between 10 adults and 10 term neonates. Neonates exhibited

noxious-evoked activity in 18 of 20 adult-activated regions, implying that nociceptive

processing in term neonates is well-developed, and infant pain perception is likely

similar to adult experience. The regions of noxious-evoked activity in term neonates

included both primary and secondary sensory networks, as well as networks associated

with emotional aversion, including the anterior cingulate cortex [177]. This study also

illustrated that infants have heightened nociceptive sensitivity compared to adults, as

similar functional activation intensities were observed between neonates and adults

with a quarter of the stimulus force applied to infants [177]. The two regions which

were activated in adults but not infants were the amygdala and orbitofrontal cortex,

both of which are associated with emotional processing. The orbitofrontal cortex is

associated with anticipation and reward, whilst the amygdala is involved in fear and

anxiety. Their absence suggests that pain processing in term neonates is not yet

intertwined with these negative emotional states and they are unable to anticipate

the stimulus in the experimental context. Instead, these results suggest relative

immaturity of strong emotional aversion to pain, which likely develops as infants age

and learn the ability to contextualise and fear pain. As noted in the updated IASP

definition of pain, pain experience is impacted by life experience [12]. All neonates

were scanned within the first postnatal week, where ex-utero life experience is still

very limited, and represent a healthy term cohort with minimal pain exposure [177].

The timescale with which nociceptive processing matures to involve higher-order

emotional networks, and the effect of cumulative pain exposure on this development,

has not been studied. However, this result is not definitive, and could just be due to

insufficient statistical power to detect a true effect in the amygdala and orbitofrontal

cortex, or the noxious stimulus could simply be too mild to elicit a pain response
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which would pass the pain threshold to involve the relevant negative emotional states.

These experimental stimuli are only considered ethically acceptable due to their

mild nature, the fact that they do not elicit behavioural or physiological distress

signs in infants [225], unlike acutely painful clinical procedures, and EEG measures

of noxious-evoked activity are significantly weaker in response to these experimental

stimuli compared to clinical skin-breaking procedures [219, 225]. Although, even

if these regions are implicated in more intensely painful events in infants, these

results suggest that emotional processing of pain may become more prominent with

ageing, since these regions were still activated in adult responses to mild nociceptive

stimuli [177]. We lack evidence to test whether the amygdala and orbitofrontal

cortex would activate in response to more intense nociceptive stimuli on par with

clinical skin-breaking procedures in infants. Such a study is not currently possible

with fMRI due to ethical considerations, and inability to collect MRI data during

painful clinical procedures.

Additional evidence for differences in emotional experiences of nociception in

adults and infants was provided by Duff et al. in 2020 [178]. This study included 10

adults and 37 term neonates scanned within 11 postnatal days. The authors found

that an adult nociception-specific intensity-encoded neurologic pain signature [229]

was expressed in term neonates in response to experimental noxious stimuli, but

there was no expression of an adult pain signature which represents stimulus-

intensity independent emotional encoding of pain perception [14, 178]. This reinforces

the interpretation that neonates possess core nociceptive pain processing, which

matches adults, but with an absence of adult experiences of expectation, fear, and

contextualisation of pain in the neonatal noxious response [178], as suggested by the

original study by Goksan et al. [177].

The number of fMRI studies investigating neonatal nociception remains very low,

with only 5 published to date [176–178, 230, 231], and an additional two studies

presenting optimal methods for neonatal noxious-evoked stim-fMRI research [232,

233]. The number of infants with noxious-evoked stim-fMRI data included in each

44



of these five studies ranged from just 1 − 37 (median=13). Despite the value of high

spatial resolution fMRI data, compared to EEG or fNIRS, recruitment and research

growth in this area is slow, due to difficulties with data acquisition and its high

cost (general challenges are discussed in Section 1.4.3). Recruitment is particularly

difficult in the experimental nociception paradigm, as parents are understandably

reticent to consent to studies which require their infant to receive experimental

noxious stimuli, even with evidence that these stimuli activate nociceptive networks

but are too mild to cause emotional or behavioural distress associated with pain

experience [176, 177, 225]. In the past few years, methodological developments

have enabled higher-quality infant nociception fMRI experiments. Goksan et al.

determined optimal echo times for noxious stimulus fMRI acquisition [232] and Baxter

et al. developed an optimised pipeline for processing and analysing neonatal noxious

stimulus fMRI data [233]. This optimised pipeline provides robust methodology

for researchers to study neonatal noxious-evoked activity, with greater accuracy,

confidence and efficiency of analysis. These recent developments will hopefully

encourage more widespread fMRI studies of infant nociception by demonstrating

how to achieve high quality data and reducing barriers to entry.

1.4.4.3 Future Directions and Potential for Neuroimaging Studies of
Infant Pain

EEG measures of cortical activity have been used in clinical trials to quantify pain

response for the purpose of testing analgesic efficacy [106], and are being used for

ongoing clinical trials testing pain-relieving interventions [131, 224]. However, this is

still a relatively untapped methodology, and more clinical trials for analgesics could

be conducted which incorporate noxious-evoked activity as an outcome measure.

Furthermore, each of these ongoing trials focus on acute procedural pain, but there

is also the potential to utilise cortical activity measurement to assess prolonged pain,

such as post-operative pain. Group measures of pain response ignore individual

infant variability in pain sensitivity [234]. EEG could be used to assess infants’

baseline nociceptive sensitivity [122], in order to optimise clinical trial designs

and personalise appropriate provision of analgesia in clinical practice for painful

45



procedures. Additionally, machine learning (ML) techniques could be used to

improve the assessment of individual infant pain sensitivity, to predict optimal

analgesic provision, and tailor pain management strategies [235]. Part of this thesis

focuses on developing an ML model to predict infant nociceptive sensitivity from

resting-state brain activity (Chapter 3), suggesting that we could infer an individual

infant’s analgesic requirements from non-specific measures of their development and

contextual factors [231]. Whilst such measures of resting-state brain activity that

inform these prediction models could not be routinely measured in clinical practice,

knowledge ascertained from these models could be translated to improving clinical

pain assessment and analgesic provision.

Using or testing EEG as a pain-assessment tool also has disappointingly limited

uptake in general research. A shallow search of the literature shows that infant

pain research incorporating EEG measures are globally-limited and restricted to a

few research groups. The majority of this research originates from European and

North American labs, including our own research group in Oxford, UK [219], and

our ongoing collaborations with researchers in Belgium and in France, along with

independent research in London, UK [212, 227], Switzerland [223], Canada [220,

224], and the USA [236], with one exception from Israel [237]. There is much work

to be done in broadening the application of this technique across the continents,

particularly when cot-side EEG has been implemented in NICUs on an international

scale. In Chapter 2 I investigate the validity of using EEG activity for infant pain

assessment.

A noxious-specific EEG template for premature infants aged 30-33 weeks has

also only recently been published [218]. This novel tool opens possibilities for

more detailed studies into factors affecting pain sensitivity and strategies for

pain management in these vulnerable young infants. The majority of neonatal

pain research has focused on individual metrics and pain scales to quantify pain

response, but research has demonstrated that multimodal measures combining

cortical activity, behaviour, and physiology are better able to discriminate noxious
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response [121]. Future research should validate and develop these multimodal

measurement techniques further, for both research and clinical applications.

The use of fMRI to study infant noxious-evoked activity is even more geo-

graphically limited, with all five published studies conducted by just two research

centres in the UK, from London [176] and Oxford [177, 178, 230, 231]. Whilst

fMRI isn’t viable for clinical pain assessment, as with EEG, it is still a valuable

research tool to progress our understanding of infant pain experience and factors

which modulate pain. There is potential to construct detailed assessment of infant

noxious-evoked activity using fMRI data which could provide clinically translatable

insights. fMRI could be used to identify and develop likely analgesic drug candidates,

by comparing the action of a drug candidate on the central nervous system to that

of known effective analgesics [238]. Proof-of-concept for this approach has been

demonstrated in adult fMRI studies [238], which could accelerate the early-stages

of drug development by pre-selection of likely candidates for clinical trials. This

has the potential to benefit infant pain management, as any methods that could

increase the likelihood of clinical trial success would reduce the investment risk for

pharmaceutical companies, and cortical activity is a promising objective method to

measure drug efficacy in a population who lack verbal report [66].

1.4.5 Neonatal Brain Imaging and Long-Term Health

Functional brain activity and brain structure imaged in early life, including the

neonatal period, has been used to discriminate between typical and atypical devel-

opment and has been implicated in long-term health outcomes. Studies relating

neuroimaging data and health can follow longitudinal or cross-sectional designs,

and results from different studies can be linked to identify influencing factors. For

example, associations can be found between the effects of early-life stress on brain

development in infancy and subsequent mental health issues in adulthood in different

neuroimaging studies [239]. Cumulative pain exposure in preterm infants has been

shown to disrupt typical development of DMN connectivity in infancy; connectivity

which has been associated with poor mental health outcomes in adults [239]. Gao
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et al. also demonstrated that infants with low socioeconomic status had disrupted

FC of the DMN in the first year of life, which could contribute to differences in

long-term cognition and health outcomes [169]. Gui et al. also showed that it was

possible to predict neurodevelopmental outcomes from neonatal brain tissue volumes

in a longitudinal study of preterm infants [240]. Lower growth rates of brain tissue

from birth to TEA were associated with lower GA. Tissue volumes at birth and

TEA predicted motor outcomes at 2-years, and tissue volumes at birth and TEA

and lower tissue growth rates predicted cognitive outcomes at 5-years. However,

parental socioeconomic status remained the most important factor in predicting

cognitive outcomes at 2- and 5-years. Thus suggesting, unsurprisingly, that better

support needs to be provided for families of lower socioeconomic status.

Infant fMRI research could be leveraged to identify infants at risk of adverse

outcomes from early-life brain function. Although fMRI is expensive and impractical

to be used as a routine biomarker of long-term health, even in vulnerable populations

such as preterm infants, these data could be used to identify more suitable markers

of at-risk infants. For example, if fMRI data are linked to associated physiological

or behavioural differences in infancy and early development, or help to uncover

environmental factors associated with atypical brain development which increase long-

term health risks. This could be used to target long-term follow-up and interventions

for those individuals most likely to need additional support. Neuroimaging studies

of longitudinal brain development could also identify timescales over which at-risk

children’s development departs from healthy development, which can be used to

target timely interventions and prevent these adverse outcomes. Early prevention

and management strategies increase quality of life for targeted individuals and reduce

the ultimate burden on healthcare systems.

Similarly, neonatal EEG has been used to study typical and atypical development,

and its relation to long-term neurodevelopmental outcomes. The evolution of EEG

characteristics are well-characterised with respect to GA, PMA, as is the effect

of prematurity on typical EEG signals, as discussed in Section 1.4.1. One recent
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example of research leveraging the powerful insight EEG characteristics provide into

developmental (ab)normality was presented by Pillay et al. [153].

1.5 The Importance of Reproducibility in Neona-
tal Research

As much as research and its publication are beneficial to the progress of scientific

knowledge, spreading information and enabling others to develop that knowledge

in additional research or practical applications, there are well-known issues with

the state of publishing and academic research culture. Academics live in a world

where they are required to publish regularly to sustain funding and keep their

jobs, often living on short fixed-term contracts, and this pressure can distort the

field of published research. These issues amount to problems with reproducibility,

publication bias and a number of questionable research practices. Several of these

can be ameliorated by changing the way we typically conduct and publish our

research.

Due to the flawed reward structure of academia, novel and innovative research is

more likely to be published and valued for job security, whilst reproducibility studies

are ignored or not attempted due to limited resources and no guarantee that the

outcomes will be valued by publishers and funders [241, 242]. This conflicts with

best scientific interest, which would be to confirm, or improve the precision, of the

‘known truth’ to achieve greater and more accurate understanding of our universe.

This also conflicts with the clinical and public interest in providing medical care

based on detailed and accurate information, rather than being misguided by spurious

results. In any study there is always a statistical chance that published results are

false negatives or false positives, even without considering human error or poor

research practice, and only through repeated and independent research can we build

confidence in any finding. Even if previous results are not a fault of statistical chance,

further research with different methods or in different populations is also necessary

to define the boundaries in which prior results hold. For example, medications
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may have different effects depending on genetic factors, such as reduced effect of

anaesthetics in female red-heads [243, 244] or differences in cardiovascular drug

response in different ethnic groups [245], and presentations of medical conditions

may also differ between groups, such as the difference in typical signs of heart

attack in men and women [246], with implications for clinical evaluation and public

health messaging. Many of these examples tie in to systemic issues of sexism and

racism in medical science developments, and many examples of flawed technologies

which perpetuate these harmful biases can be found in use in society, including

technologies which do not work for darker skin tones [247], and gender and racially

biased algorithms [248] used in judicial [249] and health care systems [250], which

highlight just how damaging dismissing reproducibility research can be.

1.5.1 A Lexicon of Reproducibility and Replication

Testing the reproducibility or replication of research findings is fundamental to the

honest and successful advancement of science. Given the relatively recent drive

for reproducibility and replication studies in the social, biomedical, and neural

sciences, there are mixed interpretations of the different meanings of replication

and reproducibility, which are not consistent with the use of these terms in physical

sciences such as physics and chemistry. Attempts have been made to standardise

the use of these terms; to clarify and classify different meanings of reproducibility

and replication. However, different recommendations have recently been published

with this aim [251, 252]. Goodman, Fanelli and Ioannidis (2016) suggest in Science

Translational Medicine that reproducibility should be used as an umbrella term

within which fall the more specific descriptors of methods reproducibility, results

reproducibility, and inferential reproducibility [251]. In their proposed definitions,

one common understanding of ‘replication’ as a corroborating study which follows

similar methods and produces the same results as an original study, using independent

data, is equivalent to ‘results reproducibility’. ‘Methods reproducibility’ is the ability

to replicate original results exactly, using the same data and available tools, by

following the published methods as exactly as possible given the completeness
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of the published information. Meanwhile, ‘inferential reproducibility’ concerns

whether inferences made from independent analysis of the same data as an earlier

study, but not necessarily using the same analysis methods, are in agreement with

the original interpretation(s). The authors also distinguish from these terms that

generalisability is “the persistence of an effect in settings different from and outside

of an experimental framework” [251]. However, Nosek and Errington (2020) provide

a different perspective on terminology in PLOS Biology [252]. These authors suggest

that replication should be used in a more general sense than strictly describing the

process of repeating a prior study’s methods and testing whether results match the

previous finding(s). They argue that a precise definition such as this unnecessarily

restricts research design; distracting from the underlying purpose of replication to

advance knowledge. It is a counterproductive waste of time and energy if researchers

are concerned with whether their methods are similar enough to an original study to

qualify under a specific definition of replication, whether to describe it in terms such

as ‘direct replication’ or another precise category, rather than whether their study

outcomes will provide helpful information to advance scientific knowledge [252].

They suggest applying a general meaning of a replication study when “outcomes

consistent with a prior claim would increase confidence in the claim, and outcomes

inconsistent with a prior claim would decrease confidence in the claim” [252]. In

this sense, Nosek and Errington’s suggestion for general ‘replication’ includes the

umbrella term of ‘reproducibility’ suggested by Goodman, Fanelli, and Ioannidis,

since all the subtypes of methods, results, and inferential reproducibility would

fall under the Nosek and Errington ideology of replication [251, 252]. However,

Nosek and Errington’s replication definition is even more inclusive, also considering

as replication studies those which neither use the same methods nor data as the

original study, but test the same hypotheses, test outcomes predicted by an original

model, or could otherwise change the confidence in the original claims. In order to

qualify as a replication, the outcomes of the study must be able to both increase or

decrease confidence in the original claims, depending on the outcomes. In a definition

consistent with Goodman et al.’s description of generalisability, all replication tests
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are generalisability tests, since all replication studies will differ from the unique

conditions of the original, and thus demonstrate new conditions in which the original

results do or do not hold. All replication studies help to improve a framework of

understanding by discovering the breadth of conditions for which an existing theory

holds. However, not all generalisability tests are necessarily replication tests. A

study would only be a generalisability test, but not a replication test, if a ‘failure to

replicate’ would be interpreted only as defining boundary conditions for a model

rather than questioning the original claims themselves.

Following both of these publications, I will use ‘replication’ and ‘reproducibility’

in their broadest senses, as defined by each of these authors [251, 252]. This thesis

will not regard replication as restricted to any commonly-understood exclusive

definition, which involves using exact data or exact analysis methods to an original

study. Replication and reproducibility are overlapping but non-equivalent terms,

where reproducibility research is a subset of replication where at least one factor

has been kept constant (as much as practically possible) between the original study

and the replication study. To summarise, in a reproducibility study, either the same

methods/analyses are applied to new data (results reproducibility), the same data is

studied from a new angle which tests the original theory (inferential reproducibility),

or both the same methods and same data are studied but by new analysts (methods

reproducibility). A replication study can include any reproducibility study as

defined here, or a replication which tests a theory using both new data and new

analysis methods. In the last case, this would not test the reproducibility of the

original study as defined by Goodman, Fanelli and Ioannidis [251], but would test

generalisability and replication according to Nosek and Errington [252]. All of

these reproducibility and replication studies will be, intrinsically, generalisability

tests, as even the most faithfully-matched replication study achievable will include

some difference to the original study, however minor. Indeed, Nosek and Errington

may argue that deliberating whether a study fits within Goodman et al.’s precise

definitions for reproducibility is another counterproductive activity. Nosek and

Errington suggested the use of replication with an inclusive definition to remind
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researchers of the purpose of replication studies to improve our world-models and

seek truth for the benefit of society, rather than worrying about minor semantic

details which disincentivise scientists and hold back research.

1.5.2 An Outlook on Replication in Science: Problems and
Solutions

There is a general lack of replication research and insufficient studies to evaluate the

reproducibility or generalisability of individual results in science. The reproducibility

movement is not a criticism of the integrity or misconduct of researchers, it is not

an accusation that there are a majority of scientists publishing falsified or knowingly

misleading results that skew our understanding, but a criticism of the accepted

approaches to research, the ways in which research is valued and rewarded, and

practices of the publishing industry which amplify biases whilst concealing their

presence. It is also worth acknowledging the importance of a positive approach to

addressing these concerns without spreading panic and distrust by naming current

affairs as a ‘reproducibility crisis’ [253, 254], which has the potential to create

drama and pointed accusations rather than addressing the core scientific issues

and encouraging mutually beneficial and collaborative efforts to improve the status-

quo [254, 255]. There are four key issues behind irreproducibility; publication

bias [242, 253], p-hacking [256, 257], hypothesising after the results are known

(HARKing) [258], and underpowered research [259–261]. Each of these issues tend

to co-exist, and each will be elucidated below.

Publication bias refers to preferential publication of new or ‘exciting’ results,

compared to null effects, or even blaming researchers for ‘failing to replicate’ an

experiment rather than questioning the validity of the original result [242, 253]. The

collection of research which remains unpublished, whether by authors’ choice or

by journal rejection, because they show null or negative results is known as the

‘file-drawer problem’ [242, 256]. Publication biases suppress the spread of information

when exploratory results are not replicated, as negative findings are deemed less

interesting or less important by academic journals and peer reviewers [242, 253].
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Research demonstrates that these biases arise from a combination of increased

likelihood of journal rejection and researchers not investing the time to write-up null

results, even with high-quality studies [262]. Expectation that a study demonstrating

null results will not be publishable may explain why some research is not even written-

up nor submitted before being left to the ‘file-drawer’. Researchers are pressured

into pursuing positive results in order to meet publication goals to acquire funding

and sustain their research career. The emphasis is too often on novel and innovative

exploratory research, which has an important place in science, but which becomes

problematic when it is pitched as a-priori hypothesis testing, at the expense of

statistically powered and tested hypotheses. Fanelli showed that publication of

negative findings has decreased between 1990 and 2007, whilst the proportion of

papers with an explicit hypothesis test reporting positive findings has increased by

over 20%, and that the evidence supports that publication bias is to blame [263].

Over time, these publication biases have presented a distorted view of reality, and

propagate a waste of resources when scientists independently try and fail to replicate

results in their own lab without a respected and efficient way to share these failed

attempts, compared to positive results shared in scientific journals. These scientists

could be spending their time and money pursuing more hopeful causes, given a

better knowledge of the reproducibility of past results. A lack of reproducibility and

resource wastage is not necessarily down to flawed research, but other factors such

as insufficient communication, where researchers may not share methods in enough

detail to identify the key steps in reproducing their findings. Full transparency

of research methods, and mapping the cases where a result may or may not be

reproduced, also builds a more complete and nuanced picture of the generalisability

of results, including additional factors which influence the outcome. In this way,

negative reproducibility is not simply a dismissal of the original findings, but by

considering different methods and samples involved, it improves the breadth and

depth of knowledge in that area, e.g., by understanding interaction effects and

cultural or socioeconomic differences between populations that influence the results.
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The remaining issues of p-hacking, HARKing and low statistical power are linked

to the traditional pipeline of research and publication. Typically, scientists collect

the data, analyse the data, and interpret the data and then write-up their analyses,

results and conclusions for publication. This creates room for p-hacking, whereby if

the first analysis method did not produce significant results, more analysis methods

are tried until a significant result is found [257]. This is an abuse of statistics,

since each test performed should include correction for multiple comparisons, but if

only one test is reported by the authors, then the plethora of insignificant results

compared to significant findings will not be reported or known by the reviewers and

readership. This common practice of flexible study design and flexible statistical

analyses contaminates the literature with false positives, misleading results and

conclusions [256]. Training in many scientific disciplines does not sufficiently cover

statistics [264], and therefore many do not understand the problem with this flexible

research approach in reducing the value of a so-called ‘significant’ result determined

by p-values.

HARKing is also enabled by typical research pipelines and the order of public

distribution of research outcomes. HARKing refers to when scientists falsely increase

confidence in their results by presenting hypotheses that match the outcomes of

their research as if they were predictions, but which were actually conceived after

analysis [258]. Hypotheses should be generated first, analyses should be designed

to test these hypotheses, and the results will either confirm the hypotheses or not.

HARKing is a case of circular reasoning, where hypotheses are generated from

observing a set of data, but the validity of these hypotheses are also evaluated from

the same observations of the same data [258, 265]. If hypotheses are generated

post-hoc, then pretending they were a-priori distorts the truth. HARKing can hide

random effects by presenting outcomes as if they are reasonably testing an expected

result, for example by characterising a set of inclusion/exclusion criteria as relevant

and justified to a post-hoc hypothesis, when these criteria are actually arbitrary, to

present a positive finding [256]. These approaches do not have to be intentionally

deceitful on the part of the researchers to occur. Human reasoning is imperfect,
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and we are all subject to cognitive biases and imperfect memory which distort our

own understanding and recollection of our methods [266–268]. Researchers may

truly believe that they would have predicted the observed outcomes even if they did

not originally design a study to question that outcome, overestimating their prior

expectations [266], or fall victim to confirmation bias, where we are more likely to

acknowledge observations which suit our world-view and dismiss evidence which

challenges it [267, 268]. Nevertheless, this practice skews confidence in published

research findings, and increases the number of false positives in the literature.

Statistical power refers to the probability that a test will reject the null hypothesis

when the null hypothesis is false [269]. Underpowered research describes when sample

sizes in a study are not sufficient to test the hypotheses due to low statistical power.

Insufficient data, or low power, results in high rates of false negatives and false

positive rates [270]. More people are familiar with the fact that low power can

reduce the chance of detecting a true effect (false negative), than the fact that low

power also reduces the chance that a statistically significant result represents a

true effect (false positive) [260, 271]. The latter is due to the inter-relatedness of a

study’s probability to reject the null hypothesis correctly, and the positive predictive

value of a study, which refers to the probability that a positive result reflects a true

effect [260, 271]. Even studies which do identify true positive results are likely to

lead to over-inflated estimations of the effect size when the sample size is small,

a phenomenon known as the ‘winner’s curse’ [259, 260]. Replication studies need

to account for this effect, and should include more data points than the original

study; a replication is not necessarily well-powered to detect a previously-reported

finding by just matching the original sample size [272]. All of these phenomena serve

to demonstrate the under-appreciated importance of statistical power in research

design, and results interpretation, and the ways in which under-powered studies

can skew our understanding of significant effects. Low statistical power, p-hacking

and HARKing often co-occur, since it is difficult to report a ‘significant’ effect in

an under-powered study without resorting to p-hacking, and using HARKing to

justify the chosen methods [273, 274]. This does not mean that small sample size
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studies are worthless, they can be equally as informative and important as large-scale

studies when conducted with statistical fluency and integrity, particularly in fields

where data collection is challenging, or collecting more samples is impossible or

unethical [275–278]. The interactions between sample size, results, and interpretation

simply need to be considered by researchers when discussing research and planning

future studies.

If the analyses are planned carefully from the beginning, including appropriate

sample size planning for the hypothesis tests and expected effect sizes, then many of

these issues can be avoided. The intention of these discussions around the potential

harm of these research practices is not to perform a ‘witch-hunt’ to expose or criticise

offenders, since the likelihood is that most, if not all, researchers have engaged in

these practices at some point, unaware of the significance of a flexible approach to

analysis [255, 274]. Instead, the purpose of the reproducibility movement was, and

is, to spread awareness of these issues so that we can all work together to improve

research practices now and for the future [274].

1.5.3 A Case for Pre-Registration

Pre-registration is one process which aims to combat each of the aforementioned

biases in publication, reducing questionable research practices and errors arising

from flexible analysis methods. Pre-registration differs from the standard publishing

pipeline by cementing methods including data collection and analysis plans in a

published protocol, prior to carrying out any of the planned research (see Figure 1.1).

Pre-registration is similar to the registration of clinical trial designs in advance.

Authors design their study in detail, including data collection methods, inclusion and

exclusion criteria, sample size planning and the analysis methods they will use. For

confirmatory analysis, they will need to state their hypotheses clearly in advance and

design their study to appropriately test these hypotheses. Exploratory research can

also be pre-registered, where advance registration of decisions, including inclusion

and exclusion criteria, demonstrate that these decisions were decided a-priori rather

than contributing to post-hoc over-manipulation of the data to suit a narrative.
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(a)

(b)

“Pre-registration” 

Figure 1.1: (a) Standard publication pipeline. The arrows indicate some of the
opportunities to revise analysis methods prior to publication. (b) Publication pipeline
involving pre-registration (top row is the pre-registration stage, the bottom row is from
pre-registration until final publication). In the pre-registration pipeline, methods and
analysis plans are time-stamped and circulated prior to the analysis for transparency and
to avoid flexible study designs. In the subset of pre-registrations known as Registered
Reports, stage 1 peer review occurs prior to publication of the methods and analysis plan
(top row, final box). After stage 1 peer review, the study is accepted for in-principle
publication by the reviewing journal. The final study is also subject to (stage 2) peer
review before publication in the journal (bottom row, final box), but this will be a lighter
review based only on concordance with the published protocol, and valid interpretation of
results, rather than chosen methods or direction of results.

Pre-registration does not seek to stifle exploratory research however, and interesting

additional exploratory analyses may also become clear only after acquiring and

analysing data [273]. Publishing additional analyses is not prohibited by the act of

pre-registration, it merely provides full transparency and clarity over which analyses

are confirmatory or exploratory, and which analyses were pre-registered and which

were not. However, to fulfil all benefits of the process, at a minimum, published

results should include all pre-registered analyses, regardless of their outcome. Pre-

registration offers a number of potential benefits to the research community, as well

as to individual researchers.

From a community perspective, pre-registration combats the file-drawer problem,
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prevents HARKing, p-hacking, and underpowered research by encouraging sample

size planning for each hypothesis test. By providing a time-stamped record of

the research design prior to analysis, the community have awareness into when

decisions were made, and can discern more easily whether issues of HARKing or

p-hacking occurred. By comparing the final publication to the pre-registered plan,

they can be confident that these questionable research practices were avoided, and

the results can be viewed with increased credibility. If readers wish to replicate the

results, or to design a new research study based on an honest pre-registered study’s

findings, their efforts are more likely to be meaningful. This process can therefore

lead to increased efficiency and productivity in science by reducing the avoidable

questionable research practices which misdirect research and waste resources. It also

increases trust between researchers and credibility of results, whether they meet

prior expectations, are controversial, or otherwise. Exploratory analyses are clear

from the outset, since pre-registration sets a distinction between confirmatory and

exploratory research. There is also a clear distinction between un-registered and

pre-registered exploratory analyses. Even if pre-registered studies are ultimately

never completed or published, their existence helps to provide insight into the extent

of the file-drawer problem. Pre-registration provides an avenue for public discovery

of ongoing and unpublished research, which can be used to assess the extent of topic-

specific selective publication biases and their impact on meta-analytical studies [259,

264]. The pre-registration process therefore helps to re-align research with the

evolution of knowledge towards ultimate truth, rather than reputation-driven efforts

to ‘prove’ your own predictions are correct, or presenting an appealing narrative

regardless of its true likelihood.

From an individual perspective, even if you are fully aware of all common research

pitfalls and manage to avoid them, including flexible study designs and even recall

bias, you can still benefit from pre-registration. Pre-registration not only prevents

falling victim to questionable research practices, but it also provides clear evidence to

others that you have followed best practice. This reduces suspicion in your methods,

where others may not trust your decision process [273]. Pre-registration avoids
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unnecessary and challenging efforts to convince others that you did not partake in

p-hacking or HARKing, since the pre-registration exists as a solid defence. Therefore,

this process builds credibility in all your results, and confirmatory analyses are given

their due credit [273]. Thorough planning in advance of data collection is also likely

to increase the quality of your research and improve your workflow, since you will

have detailed materials to refer to when it comes to the analysis stage. This can

be particularly beneficial if you are involved in multiple ongoing studies, or where

the time from study inception to execution is long. Pre-registration also offers an

opportunity to receive credit for existing pre-analysis plans, such as may be written

for grant funding applications. In this case, placing a time-stamped protocol in a

repository requires minimal investment, and many platforms are designed with an

optional embargo period if there is a reason to keep the pre-registration private for

a time. This relationship is two-way, as you could also use pre-registrations as a

basis for funding applications. Pre-registration can also be used to combat issues of

‘scooping’, protecting your work by evidencing that your ideas pre-dated another

publication.

You do not have to rebuild the wheel when it comes to pre-registration. There

are several popular and respected platforms for sharing pre-registrations, and many

guides and templates to ensure adequate detail is included for different research

purposes. For example, the Open Science Framework (OSF: https://osf.io) hosts

a growing repository of pre-registered research, which can be assigned permanent

digital object identifiers (DOIs), and there are many bespoke templates available

(examples of curated templates at https://osf.io/zab38/wiki/home/). The OSF

provides its own comprehensive pre-registration template (https://osf.io/jea94),

whilst other examples include pre-registering secondary analysis (https://osf.

io/jqxfz), or replication studies (https://osf.io/4jd46). Another particular

version of pre-registration, is known as a Registered Report [279]. In this form, the

pre-registration manuscript undergoes peer review at a journal, but the final report

is also guaranteed to be published at that journal if the pre-registration is accepted,

provided authors follow their pre-registered protocol. Registered Reports are a more
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involved and lengthy process, and journals will have their own requirements, as with

a standard publication, but the benefit of guaranteed publication insures against

publication bias and the file drawer problem. At the peer review of a Registered

Report, errors or improvements in methods can be highlighted before data collection

and analysis have begun, preventing problems that would have arisen later when

time and resource has already been wasted. Registered Reports also prevent issues

that may arise in peer review of a completed study, such as post-hoc critique of

methods, and ‘moving the goalposts’ where peer review suggests additional work

which may be unrealistic or inappropriate. Since all the methods have been agreed

upon in advance in a Registered Report, the goalposts cannot be moved for the

final publication, and any such suggestions can easily be discussed as future work.

Registered Reports therefore require more investment and time than un-reviewed

pre-registration, but provide additional benefits which can be worthwhile for research

quality, research dissemination, and ultimate publication experience.

In summary, pre-registration and Registered Reports are increasingly popu-

lar [268] and effective methods to reduce issues surrounding irreproducible research.

However, as always, readers and reviewers must remain vigilant. Just because a

study has been pre-registered, does not mean that authors necessarily followed their

pre-registered plan accurately, included results of all planned metrics, or reported

any methodological deviations clearly [280]. However, studies should not receive

automatic credibility simply for having been pre-registered; comparisons to assess

deviations and selective reporting between pre-registered and final protocols need to

be made before research outcomes can earn increased trust. Since pre-registration

does not have a standardised set of approved rules, the system can also be used

inadequately. For example, if a pre-registration is vague about hypotheses and

methods, this adds little value to reducing issues of p-hacking and other questionable

research practices. Similarly, pre-registration does not improve a study which is

fundamentally based on flawed methodology or a flawed research question. Registered

Reports do have certain standards and guidelines that must be met, and is subject

to peer review. Therefore, assuming the peer review process was performed correctly,
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studies published via the Registered Report route should meet readers’ expectations

of truthful execution of the pre-registered protocol. Peer review, when performed

correctly, should also ensure methods and research questions are not flawed.

1.5.4 Reproducibility and Neonatal Research

In neonatal research in particular, there is a lack of published reproducibility

research. The difficulty conducting research in this vulnerable population is no

doubt a contributing factor; there are a multitude of research questions which

remain unanswered and most neonatal research relies on small sample sizes due to

the difficulty in administration, ethical approval, and recruitment for this population.

Neonatal research would benefit from reproducibility studies, where conclusions

and interpretations of findings could be skewed by the typically small sample sizes

involved. Additionally, there is understandably a lack of immediate trust in research

findings from the clinical perspective, and a slowness to translate research findings

into clinical practice, which could be assisted by increased confidence in results

attained from positive replication studies. Similarly, despite negative replication,

there is resistance to changing existing medical practice which may not be beneficial

to the infant, and additional larger-scale independent replication studies could

encourage change away from irrelevant, or even potentially harmful, practices. One

such example, is the controversy around providing sucrose as ‘pain relief’ discussed

previously. It is possible that sucrose might hide the behavioural expression of pain

or discomfort in infants, whilst not reducing pain felt nor preventing the adverse

outcomes of pain, and perhaps even leading to additional or worsened adverse

outcomes. There are psychological and emotional factors at play in clinical decision

making, and it is difficult for medical practitioners to accept that a reduction in

behavioural signs of distress in infants from sucrose may be harmful. This case

demonstrates the importance of well-designed reproducibility studies to confirm or

counter previous findings, as well as improving the perception of the value placed

on these studies, which can shape the future of medical practice and quality of care.
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Nevertheless, there are a number of barriers to conducting reproducibility studies in

academia which I have discussed, and it is not an easy task to undertake.

1.6 Chapter Summary

Neonatal pain treatment has been neglected in recent history, and many unknowns

remain. Early-life pain experience has been linked to short- and long-term adverse

outcomes including cognitive and motor deficits, yet appropriate assessment and

treatment of neonatal and infant pain is not well-understood. We lack a gold-standard

objective pain assessment tool for this non-verbal population, and pain treatment

regimes are not standard on either a local or global scale. Difficulty validating

pain relief interventions in infants, in part due to subjective and insensitive pain

measurement tools, has led to a dearth of licensed pain medication for infant pain

and painful procedures. Dose-related drug efficacy, absorption, and metabolism

profiles in infants also lack research. Age is an important factor when considering

infant health and neurodevelopment, and factors into infants’ pain experience.

Premature infants are the most vulnerable, with increased early life pain exposure

and subsequent adverse outcomes. Neuroimaging techniques provide non-invasive

methods to study infant brain health and functional activity. They can be used

to measure noxious-evoked cortical activity, and have the potential to provide a

more objective pain-assessment metric in infants compared to existing behavioural

tools. Neuroimaging metrics of noxious-evoked activity could therefore be used as a

surrogate outcome measure of pain with improved sensitivity, to assess the efficacy

of infant pain relief interventions in clinical trials.

Neonatal neuroimaging studies are difficult to conduct, resource-expensive, and

limited by ethical considerations in neonatal research, which often leads to small

sample sizes. These small sample sizes may lead to underpowered research and

biases in the literature. One initiative to combat these issues has been the advent

of large open neuroimaging datasets, such as the developing Human Connectome

Project. These projects have pooled resources, including funding, equipment, and
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expertise across multiple centres to provide high-quality data of a greater magnitude

than would be possible with each centre working individually. The open science

movement has also led to increased sharing of datasets from individual institutions

and publications. Another initiative to combat biases published research has been

the growing support for replication studies. Tools have been developed to help

researchers to design and publish replication research, including pre-registration and

registered report initiatives. Replication studies are lacking in infant research, likely

due to the recruitment difficulties and resource limitations common in this field, but

these studies are vitally important for establishing scientific truth and developing

generalisable measurement tools for both research and clinical purposes.

1.7 Thesis Outline

The aims and motivation of this thesis are to address unknowns in neonatal

pain and neurodevelopment research using neuroimaging data, and implementing

methodological best-practices to do so. I achieve this through (1) adopting a pre-

registered approach to reduce bias and improve the quality of my replication study,

(2) designing a robust machine learning pipeline, avoiding common issues with bias;

(3) using large independent datasets to explore hypotheses without wasting the

valuable resource of difficult-to-acquire high quality neonatal neuroimaging data.

In Chapter 2, I present a pre-registered replication study which evaluates the

efficacy of an EEG assessment of infant noxious response across different hospitals

and infant populations. In Chapter 3, I describe how I developed and validated a

machine learning pipeline to predict individual infant noxious-evoked responses from

resting-state brain activity recorded with fMRI. I was integral in the development

and application of this model to the data published in [231]. In Chapter 4, I

apply this machine learning pipeline to an independent dHCP dataset to explore

links between predicted noxious-evoked activity and MRI markers of structural

and functional development and neurodevelopmental outcome at 2-year follow-up.
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Finally, in Chapter 5, I provide a thesis summary, critique of my research, and

outlook on future work.
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2
A Pre-Registered Replication Study of an

EEG Template of Noxious-Evoked Activity
The methods and analysis plans in this Chapter are presented in a Registered Report,
of which I am lead author, accepted by Cortex and hosted on OSF: M. Aspbury,
L. Baxter, M. M. Cobo, M. van der Vaart, et al. Establishing a standardised approach
for the measurement of neonatal noxious-evoked brain activity in response to an
acute somatic nociceptive heel lance stimulus. Cortex, 2022. doi: 10.17605/OSF.

IO/ZY9MS

2.1 Introduction

EEG can be used in neonates to measure brain activity changes that are evoked

by noxious events, such as clinically-required immunisations, cannulation and heel

lancing. EEG provides an alternative approach to infer pain experience in infants

compared with more widely used behavioural and physiological pain assessments.

Establishing the generalisability and construct validity of these measures will help

corroborate the use of brain-derived outcomes to evaluate the efficacy of new or

existing drugs to treat neonatal pain. Following a Registered Report format, I aimed

to replicate three previously published findings where EEG-derived measures have

been used to quantify changes in noxious-evoked brain activity in neonates [219, 228].
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Firstly, I assessed whether an infant EEG template of noxious-evoked brain activity

discriminates between noxious and non-noxious procedures. Secondly, I tested

whether the scale of the average infant noxious response measured with the template

is equivalent across different hospital datasets. Thirdly, I assessed whether the

magnitude of noxious response measured with the template is positively correlated

with age in premature infants. These hypotheses were tested using retrospective

data that has been independently collected by another research group and will

also be tested using prospectively collected data that is being collected at another

research site.

2.1.1 Research Background and Motivation

The study of neonatal pain management would benefit from reproducibility research.

Currently, pain management presents a major challenge in neonatal care and

analgesic provision is infrequently and inconsistently provided during essential

medical interventions [42, 94]. In part, this is due to difficulties in measuring pain and

assessing the efficacy of analgesics in the non-verbal neonatal population [91]. While

numerous clinical tools have been developed to calculate pain scores in neonates [282,

283], these measures are often reliant on behavioural and physiological observations

that may not be sensitive or specific enough to (i) distinguish pain from distress [62],

or (ii) to be primary outcome measures in clinical trials that aim to objectively

assess the efficacy of analgesic interventions [91]. An alternative approach has been

to consider changes in brain activity evoked by noxious clinical procedures [49, 106].

Over the past 10 years, brain-derived approaches have been used to quantify

how the infant brain responds to acute noxious medical procedures, such as heel

lancing and venepuncture [211, 221]. These approaches have been used as the

primary outcome measure to test the efficacy of analgesics in clinical trials [49,

106]. In addition, further multicentre trials are underway to identify optimal pain

management practices that may relieve pain in hospitalised infants [284]. Current

and ongoing discussions with the FDA Division of Pediatrics and Maternal Health

in collaboration with the Division of Anesthesiology, Addiction Medicine and Pain
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Medicine [93, https://www.fda.gov/drugs/news-events-human-drugs/fda-m-

cersi-analgesic-clinical-trial-designs-extrapolation-and-endpoints-

patients-birth-less-two] are focussed on the use of brain-derived metrics in

infants to improve analgesic drug development, with a specific focus on analgesic

medications with known mechanisms of action such as NSAIDs, acetaminophen,

local anaesthetics and opioids. It is therefore imperative that proxy pain measures

that rely on brain-derived metrics are valid, reliable, and appropriate for use in

large-scale clinical trials if they are to be a standard by which the efficacy of new or

existing drugs can be evaluated in the neonatal population. It is critical to ensure

the reproducibility of brain-based measures of noxious response given their potential

to be used in clinical decision making.

An EEG-derived pattern of noxious-evoked activity has been observed in multiple

settings, including in the UK at University College London Hospital [e.g., 211,

212, 227] and the John Radcliffe Hospital, Oxford [215, 217, 219], in Israel at

Soroka Medical Centre in Beer Sheva [237], in Switzerland at the University Basel

Hospital [223] and in the USA at the Nationwide Children’s Hospital [236] – and is the

most commonly used neuroimaging approach to study pain in infants [285]. Across

multiple settings, a range of biological factors have been identified that modulate

noxious-evoked brain activity, including premature birth [213, 217, 228], mode of

delivery [223], stress [227], inflammation [68] and sex [226]. However, noxious-evoked

EEG activity can be quantified in various ways, which hampers the comparison of

effect sizes across different studies. To quantify and standardise changes in brain

activity that arise following noxious clinical procedures, an EEG-based “template”

measure that quantifies the magnitude of the noxious-evoked activity at a single

central electrode site has been developed [219]. This measure constitutes a waveform

which can be scaled to fit evoked activity in an EEG recording. We have previously

demonstrated that the template magnitude is (i) larger following noxious stimuli

compared to arousing non-noxious sensory events [219], is (ii) sensitive to modulation

by pain management strategies [68, 215, 219] and (iii) is moderately correlated with

pain-relevant behaviour [219]. However, we have not previously investigated the
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consistency of these observations at different research sites. I pre-registered a report

describing a multicentre study to explore the reproducibility and generalisability of

the noxious-evoked EEG activity and to establish if reported biological observations

that use this approach are generalisable across different centres [281]. The Registered

Report design and preliminary results following this design are presented in this

Chapter.

2.1.2 Research Aims

The EEG template of noxious-evoked brain activity was derived and validated in

term and preterm infants aged 34.0 − 43.0 weeks’ PMA and is scaled to give an

average magnitude of 1 in response to a heel lance (HL) performed in newborn term-

aged infants [219]. This pre-registered reproducibility study has two aims. Firstly,

we want to establish cross-centre generalisability by identifying whether the template

of noxious-evoked brain activity can be reliably projected onto independent datasets.

COSMIN produces a set of properties which should be upheld by medical instrument

measurements. We used these guidelines as a basis to create testable hypotheses

for two key criteria outlined by COSMIN; construct validity and reliability [69].

To this end, we will use retrospective and prospective datasets collected at two

different sites to (i) identify whether the magnitude of the template of noxious-

evoked brain activity is significantly larger in response to noxious compared to

innocuous procedures, which is an assessment of the template measure’s construct

validity, and (ii) identify whether the template magnitude to a noxious procedure is

consistent across sites, which is an assessment of inter-site reliability. This multi-level

testing will form a robust construct validity and inter-site reliability assessment,

and therefore generalisability, of the noxious-evoked EEG response template to

discriminate between noxious and innocuous procedures in infants 34.0 − 43.0 weeks’

PMA. Secondly, there is value in exploring whether previous research findings relating

to biological factors that are reported to modulate the magnitude of the EEG noxious

event-related potentials are reproducible [217, 228]. Hence, we tested whether the

magnitude of noxious-evoked brain activity as quantified by the template increases
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with PMA during the period of prematurity up to 37 weeks in infants born at less

than 36 weeks’ GA, as reported by Schmidt Mellado and colleagues in 2022 [228].

The study populations, sample size planning, measurement, EEG processing and

planned analytical approaches are described in detail in the Methods, and the precise

hypotheses are stated below. It is important to note that while the proposed tests

assess the reproducibility of a measure of noxious-evoked neonatal brain activity,

this work does not aim to provide evidence that these activity patterns are a direct

measure of neonatal pain. In the absence of language, we cannot know whether

another person is in pain and therefore the brain-derived activity characterised here

reflects only a pattern of brain activity that is known to be evoked by a noxious

stimulus.

To plan this study and to conduct appropriate sample size planning analyses, I

initially tested the generalisability of the template in a large Oxford dataset that was

independent of the data included in the original template derivation [219]. Results

from these initial analyses were used for sample size planning for the subsequent

studies. Our hypotheses are tested in two datasets collected at independent sites: (1)

the “UCL dataset” is retrospective data collected and published by an independent

research group at University College London Hospital [286], and (2) the “Exeter

dataset” is a prospective dataset that will be collected at The Royal Devon & Exeter

Hospital after in-principle acceptance of our pre-registered report.

2.1.3 Pre-Registration

There are many benefits that led me to design and publish this study as a registered

report. The general arguments for pre-registration and registered reports were previ-

ously outlined in the Introduction (Section 1.5.3). Results which this research aimed

to replicate largely stem from studies conducted by the Paediatric Neuroimaging

Research Group, of which I am also a member. Therefore, it would be reasonable

for critics to doubt the authenticity of any positive replication outcomes published

from within the research group, where they could have greater trust in replication

studies which are conducted independently to the original research group(s). In order
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to build trust in the outcomes of these replication tests, to demonstrate research

integrity, as well as to avoid bias pitfalls which we may be more vulnerable to in

testing the replicability of our own results, we decided to pre-register the research

methods and protocol. We went one step further than pre-registration, to submit

detailed plans as a Registered Report for peer review, to provide opportunity for our

methods to be improved prior to the study based on feedback from external review,

and ensure that all our methods were checked and approved by independent parties

in advance. Peer review of the methods prior to the study commencing means that

there is still an opportunity to improve the study methodology before it is too late.

We decided that this process was the optimal pipeline to maximise the robustness

and quality of our replication study. We also felt that this was a good opportunity

to trial the novel research and publication practices around pre-registration, which

should ultimately become more commonplace.

All necessary support and approvals were already in place prior to the study

pre-registration. Data collection and analysis according to the protocol commenced

upon in-principle acceptance of our study as a Registered Report at Cortex. When

our submission was accepted by Cortex, the approved protocol was immediately

registered on OSF (https://osf.io/zy9ms). We agreed to share all figure source

data and analysis code with publication of the final results.

2.1.4 Chapter Outline

This Chapter tests whether a measure of noxious-evoked EEG activity, that was

originally derived in a sample of term-aged infants at the Oxford John Radcliffe

Hospital in 2017, can reliably distinguish noxious from non-noxious events in two

independent datasets (i) retrospectively collected at University College London

Hospital and (ii) prospectively collected at Royal Devon & Exeter Hospital. This

research design was pre-registered and approved as a Registered Report to ensure

research integrity and credibility. I aimed to reproduce three published results

that use this EEG measure to quantify noxious-evoked changes in brain activity:

(i) whether significantly larger noxious-evoked activity is recorded in response to

71

https://osf.io/zy9ms


a clinical HL compared to a non-noxious control heel lance (CL) procedure; (ii)

whether the magnitude of the activity evoked by a noxious HL is equivalent in

independent cohorts of infants; and (iii) whether the magnitude of the noxious-

evoked brain activity increases with age in premature infants up to 37 weeks PMA.

Each hypothesis is outlined in detail in Section 2.2.1. Positive replication of these

studies would build confidence in the use of brain-derived signals as valid and

reliable pain-related outcomes which could be used to evaluate analgesic efficacy

in neonates. Positive replication could also help towards establishing a standard

method of analysing infant noxious-evoked responses using EEG.

Retrospective pilot data from Oxford were selected to qualitatively demonstrate

internal reproducibility of each prior result being tested, and for sample size planning

for each hypothesis test. The Oxford pilot data were independent samples to the

original publications used to generate each hypothesis. Pilot data were used to

estimate effect sizes, which were used in power calculations to determine appropriate

sample sizes required from Exeter and UCL datasets to test each hypothesis. These

Pilot results and analysis plans were pre-registered [281]. In this Chapter, these

methods were applied to UCL and Exeter Datasets to test each pre-registered

hypothesis. These results are presented for the first time in this thesis Chapter.

2.2 Methods

2.2.1 The Hypotheses

Hypothesis 1: Template magnitude discriminates noxious from non-noxious stimuli

The magnitude of noxious-evoked brain activity measured using the

template should be greater following a noxious heel lance compared

with a non-noxious control heel lance procedure in infants 34.0 −

43.0 weeks PMA (described in Section 2.2.6). Thus, we hypothesise

a significantly larger evoked template magnitude in response to the

heel lance relative to the non-noxious control heel lance in infants

34.0 − 43.0 weeks PMA, assessed using a paired t-test.
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Hypothesis 2: Template magnitude for heel lance scale reproducibility

The group average magnitude of the noxious-evoked brain activity

measured with the template should have a magnitude of 1 in

response to a heel lance in newborn term-aged infants. Thus, we

hypothesise that the average evoked template magnitude in response

to the heel lance is equivalent to one, assessed using the magnitude,

confidence interval and pre-defined equivalence bounds.

Hypothesis 3: Template magnitude for heel lance correlation with age

The magnitude of the noxious-evoked brain activity measured with

an EEG template approach in response to a heel lance has been

reported to increase in premature infants with PMA up to 37.0

weeks. Thus, we hypothesise a statistically significant positive

correlation between PMA and the template magnitude in response

to the heel lance, assessed using a Pearson correlation test.

2.2.2 Study Design

For hypothesis 1, the study uses a within-participant cross-sectional design, com-

paring outcomes of an observed clinical procedure to an experimental control

procedure in the same participants. For hypotheses 2 and 3, the studies use a

between-participant cross-sectional design, measuring outcomes of an observed

clinical procedure across participants which are each studied only once. There are

no additional interventions for any participants, all infants receive standard clinical

care throughout in accordance with local practice unit guidelines, and therefore no

randomisation procedure is required.

2.2.3 Recruitment and Research Protocols

Ethical approval was obtained from the NHS Research Ethics Committee (REC)

for all infants in this study (references 11/LO/0350, 12/SC/0447 and 19/LO/1085).

Further details of recruitment and study protocols are provided in sample consent
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forms and patient information leaflets (PILs) for infant EEG studies, and standard

operating procedures (SOPs) for withdrawal and safety reporting, in Appendix A.1.

2.2.4 Oxford Pilot Datasets Extracted from Oxford Database
for Sample Size Planning

The first step in our replication study was to establish the internal validity of our

EEG template results in all available Oxford data, and use these data to perform

power calculations and sample size planning for each of the hypotheses I aimed to

test in this replication study. Ethical approval for these data has been obtained

from the NHS REC as part of ongoing studies (references 11/LO/0350, 12/SC/0447

and 19/LO/1085). Oxford infant metadata are stored in the Oxford Paediatric

Neuroimaging Group Database (hereby termed the Oxford Database) developed by

MedSciNet, which conforms to all relevant FDA, NIH, and HL7 standards, guidelines,

and recommendations for storing data (https://medscinet.com/about.aspx, last

accessed November 2021).

I extracted relevant retrospective data for this study from the database, according

to inclusion and exclusion criteria listed below. There are two separate data

extractions due to the different infant demographic groups required to test hypotheses

1 and 2 (Oxford Pilot Dataset A) compared to hypothesis 3 (Oxford Pilot Dataset

B). Demographics of both datasets compared to the entire Oxford Database on

MedSciNet are shown in Figure 2.1. I did not extract data for infants who were

recruited in Oxford as part of an ongoing blinded clinical trial. Otherwise, I extracted

all data from this database for infants recruited at the John Radcliffe Hospital,

Oxford, who had EEG recordings taken as part of their study, according to criteria

outlined in the following sections for each pilot dataset.

Oxford Pilot Dataset A: For Hypotheses 1 and 2

I extracted all data from the secure database corresponding to infants who were

31 − 43 weeks GA and 34 − 43 weeks PMA at time of study (inclusive ranges). The

age ranges were chosen to encompass the ages of all infant datasets included in
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(a) (c)

(b) (d)

Figure 2.1: This figure illustrates properties of the entire Oxford Database and the
Pilot Datasets selected to plan each hypothesis test. (a) The entirety of Oxford infants in
our database (n = 724) on the date of extraction (30/10/2021), showing the distribution
of their GA (range = 23.0 − 42.4; mean = 35.2 weeks) and PMA (range = 24.7 − 90.7;
mean = 38.1 weeks). (b) The PMA distribution of the infant datasets selected from
the database (both Pilot Dataset A and B) is shown as the shaded portion of the entire
database’s PMA distribution. The total number of selected (shaded) infants is n = 141,
since 13 infants met the selection criteria for both Oxford Pilot Dataset A and Dataset
B. (c) Oxford Pilot Dataset A’s (n = 119) distribution of GA (range = 31.0 − 42.4;
mean = 38.4 weeks) and PMA (range = 34.1 − 43.0; mean = 39.0 weeks) (d) Oxford Pilot
Dataset B’s (n = 35) distribution of GA (range = 25.0 − 35.9; mean = 31.1 weeks) and
PMA (range = 30.1 − 37.0; mean = 34.1 weeks). Abbreviations: GA = gestational age;
PMA = postmenstrual age.

Hartley et al. to (a) derive the template, and (b) prove the validity of the template in

pre-term infants [219]. These parameters yielded 391 EEG recording test occasions

covering 371 unique infants on the date of export (30th October 2021). There are

more test occasions than infants since some infants were studied multiple times. The

extracted EEG dataset was subset to n = 211 test occasions with both a HL and

CL studied with EEG (n = 180 excluded). The following exclusion process is also

illustrated as a flow diagram in Appendix A.5.

I excluded infants based on the following criteria: infants whose data were used
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Oxford
Pilot

Dataset A

Oxford
Pilot

Dataset B

Original
Template
Derivation

Group
Number of infants 119 35 18

Gestational age (weeks) 39.4
(36.1, 40.7)

31.3
(29.1, 33.1)

39.3
(37.5, 41.4)

Postmenstrual age (weeks) 39.7
(36.8, 41.0)

34.1
(33.4, 35.0)

39.9
(37.9, 41.7)

Postnatal age (days) 3 (1, 5) 24 (6.5, 29.5) 3 (2, 5)

Birthweight (grams) 3510
(2770, 3923)

1626
(1045, 2060)

3437
(3236, 3638)

Sex
Male 71 (60%) 20 (57%) 11 (61%)
Female 48 (40%) 15 (43%) 7 (39%)

Mode of delivery
Normal vaginal 42 (35.3%) 15 (42.9%) 9 (50.0%)
Assisted vaginal / forceps 34 (28.6%) 3 (8.6%) 1 (5.6%)
Elective C-section 10 (8.4%) 3 (8.6%) 3 (16.7%)
Emergency C-section 33 (27.7%) 14 (40.0%) 5 (27.8%)

Apgar score
1 minute 9 (7, 9.8)* 8 (4.5, 9) 9 (8.3, 10)
5 minute 10 (10, 10) 9 (8, 10) 10 (10, 10)
10 minute 10 (10, 10) 10 (9, 10)* 10 (10, 10)

Ventilation at time of study
Self-ventilating in air 109 (91.6%)* 22 (62.9%) 18 (100%)
Low flow 5 (4.2%) 2 (5.7%) 0 (0%)
High flow 4 (3.4%) 10 (28.6%)* 0 (0%)

Estimated number of
prior painful procedures 4 (2, 8)*** 20 (8, 42)** 1 (0, 1)****

Table 2.1: Demographic variables for selected Oxford datasets. Values presented as
median (LQR, UQR), or number (percentage) where appropriate. Asterisks indicate
missing data in the database for * 1 infant, ** 3 infants, *** 8 infants; **** 11 infants.
Abbreviations: LQR = lower quartile range, UQR = upper quartile range
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in the original template creation (n = 8) [219], infants who were studied during a

brushing or stroking intervention (n = 48) [215], infants who were included in a

study investigating a kangaroo care intervention (n = 3), infants with neurological

conditions such as (but not limited to) hypoxic-ischaemic encephalopathy (HIE) and

intraventricular haemorrhage (IVH) of any grade (n = 6). I excluded test occasions

where: either the HL or CL stimulus annotation was missing from the EEG record

(n = 5), the EEG eventlist was incorrect or missing in storage (n = 4), the Cz

electrode was not recorded (n = 4), there were repeated samples on the database

(n = 2), and where infants were studied twice, I excluded one of their two test

occasions (n = 4). For the latter exclusion, I always included the first test occasion

and excluded the second, except one infant which had multiple CL on the first test

occasion, and so I used the second test occasion which had exactly one CL and one

HL measured. This left n = 127 infants whose EEG data I pre-processed.

Following EEG pre-processing rejection steps to remove artefactual epochs (see

Section 2.2.7.2 for details), I excluded n = 8 infants who did not have both one HL

and one CL epoch passing EEG rejection, to enable paired statistics. Another n = 8

infants had multiple HL and/or CL events after EEG rejection and, in these cases, I

kept the first artefact-free recording for each of the HL and CL measurements for

each infant.

This gave a final sample size of n = 119 infants with exactly one HL and one

CL EEG epoch each (see Appendix A.5). This dataset comprised infants with a

GA of 31.0 − 42.4 weeks (mean = 38.4 weeks), PMA at study of 34.1 − 43.0 weeks

(mean = 39.1 weeks) and PNA at study of 0−44 days (mean = 4.5 days). The dataset

age distribution is illustrated in Figure 2.3c and full demographics are provided in

Table 2.1.

Oxford Pilot Dataset B: For Hypothesis 3

For hypothesis 3, a separate sample of infants were selected from the Oxford Database

due to the different age range under study, compared to hypotheses 1 and 2. I

extracted all infant data from the database including EEG recordings for a HL
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procedure (n = 305 test occasions), on the date of export of 1st November 2021.

The following inclusion and exclusion criteria are also illustrated with a flow diagram

in Appendix A.6.

I included infants who were born at less than 36.0 weeks GA and studied at an

age up to and including 37.0 weeks PMA to match the upper age limit in Schmidt

Mellado et al., 2022 [228] (n = 125 test occasions). Following this, I excluded

infants included in the original Schmidt Mellado study (n = 52 exclusions), infants

with neurological conditions including HIE and IVH of grade 2 or higher (n = 10),

without EEG data (n = 6), with a missing eventlist (n = 2) or with a problem in

the eventlist annotation for the HL such as the automatic trigger missing (n = 3).

I also excluded duplicate data (n = 2), infants with an intervention aside from

standard-care to reduce noxious response to the HL (n = 2), and test occasions

beyond the first study for infants studied more than once (n = 7). This resulted

in a sample of n = 41 infants with one test occasion, with EEG recordings for a

clinical HL procedure. After EEG pre-processing and rejection (Section 2.2.7.1),

n = 6 infant HL traces were rejected. In n = 3 infants there were multiple HL

measurements after EEG rejection and, in these cases, I kept the first artefact-free

recording for each of the HL measurements for each infant.

This left n = 35 infants each with one HL recording which were included for

sample size planning for hypothesis 3 (see Appendix A.6). This dataset comprised

infants with a GA of 25.0 − 35.9 weeks (mean = 31.1 weeks), PMA at study of 30.1 −

37.0 weeks (mean = 34.1 weeks), and PNA at study of 1−59 days (mean = 21.2 days).

The dataset age distribution is illustrated in Figure 2.3d and full demographics are

provided in Table 2.1.

2.2.5 Pre-Registered Inclusion and Exclusion Criteria for
External Datasets for Hypothesis Testing

Data inclusion and exclusion follow the same criteria for each external dataset,

although inclusion criteria depend on the hypothesis in question. Both hypotheses 1

and 2 share the same inclusion criteria, however hypothesis 3 requires a different
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demographic sample. Inclusion and exclusion criteria closely match key variables in

the prior studies that our reproducibility study is based on, such as the age range of

the infants in the original studies. In this section, shared exclusion criteria for all

datasets are listed first, followed by specific details for each external dataset in their

relevant sections.

2.2.5.1 Exclusion Criteria for All Datasets

Infants were excluded if they had any known or suspected neurological condition such

as (but not limited to) HIE or IVH of grade 2 or higher, if they received analgesics

in the 24 hours preceding the study, if there was known maternal substance abuse,

if they received an intervention other than standard clinical care which was being

assessed for efficacy in reducing their noxious-evoked response, or if they were a

repeat study of an infant which was already included. EEG traces for remaining

infants were then pre-processed and analysed, following EEG rejection procedures

to remove artefactual epochs as outlined in Section 2.2.7.2. Furthermore, infants

were excluded after pre-processing if they did not have required EEG recordings

after rejection (a HL and CL for hypotheses 1 and 2; only a HL for hypothesis 3),

or if there were any other technical problems with the data for that infant (e.g.,

missing required data, or unable to access recordings due to data corruption).

2.2.5.2 UCL Dataset

The UCL dataset is available via ReShare. Authorised access is given to users due

to the sensitivity of the data ([287], UK Data Service, https://doi.org/10.5255/

UKDA-SN-853204). I did not request data access and analyse any UCL data until

after in-principle acceptance of the Registered Report by Cortex. From UCL, I

included all available data from this retrospective dataset to test each hypothesis.

The UCL dataset contains n = 112 infants from which we selected infants to test

each hypothesis according to the relevant inclusion criteria.
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UCL Dataset A: Data Inclusion Criteria for Hypotheses 1 and 2

For both these hypotheses I included healthy infants who were 31.0 − 43.0 weeks GA

and 34.0 − 43.0 weeks PMA at study, without restriction on postnatal age. These

UCL
Dataset A

UCL
Dataset B

Exeter
Dataset A

Number of infants 74 51 23

Gestational age (weeks) 36.6
(35.3, 39.3)

33.1
(29.9, 34.9)

38.9
(36.6, 41.0)

Postmenstrual age (weeks) 37.4
(35.9, 39.9)

34.6
(32.8, 35.8)

39.0
(37.1, 41.2)

Postnatal age (days) 5 (3, 6) 6 (5, 14.5) 2 (1, 5)

Birthweight (grams) 2625
(2182, 3445)

1760
(1320, 2243)

3339
(2650, 3740)

Sex
Male 35 (47%) 24 (47%) 10 (43%)
Female 39 (53%) 27 (53%) 13 (56%)

Mode of delivery
Normal vaginal 23 (31.1%) 12 (23.5%) 9 (39%)
Assisted vaginal / forceps 13 (17.6%) 12 (23.5%) 4 (17%)
Elective C-section 14 (18.9%) 8 (15.7%) 3 (13%)
Emergency C-section 23 (31.1%) 19 (37.3%) 7 (30%)

Apgar score
1 minute 9 (8, 9) 8 (6, 9) 8 (7, 9)
5 minute 9 (9, 10) 9 (9, 10) 9 (8, 9)
10 minute Not avail. Not avail. 9 (9, 9)

Ventilation at time of study
Self-ventilating in air 73 (100%) 38 (75%) 22 (96%)
Low flow 0 1 (2%) 1 (4%)
High flow 0 12 (24%) 0 (0%)

Estimated number of
prior painful procedures 8 (4, 13) 16 (12, 26) 3 (1, 5)

Table 2.2: Demographic variables for selected UCL and Exeter datasets. Values presented
as median (LQR, UQR), or number (percentage) where appropriate. Not avail. indicates
data which were not provided in UCL database. Abbreviations: LQR = lower quartile
range, UQR = upper quartile range
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demographics are matched to datasets in the original Hartley validation study [219],

as well as the Oxford pilot data used to power these hypotheses (Section 2.2.4:

Oxford dataset A). Infants with both a HL and a CL procedure recorded with EEG

were included.

The age inclusion criteria resulted in a sample of n = 79 infants with GA between

31.9 − 41.9 weeks (mean = 37.1 weeks) and PMA at study between 34.0 − 42.9 weeks

(mean = 37.9 weeks) in UCL Dataset A. The EEG data were then checked for these

79 infants to ensure there was both one HL and one CL annotation available for

these infants. After EEG pre-processing, there were n = 74 infants with a HL

passing EEG rejection criteria, and n = 61 infants with both one HL and one CL

epoch passing EEG rejection criteria. Demographics are summarised in Table 2.2.

UCL Dataset B: Data Inclusion Criteria for Hypothesis 3

We included infants who were born at less than 36.0 weeks GA and studied up

to and including 37.0 weeks PMA, without restriction on PNA. This age range

matches those studied in Schmidt Mellado et al. [228], who found that noxious-

evoked response correlates with PMA in premature infants in this age range. Infants

only required an EEG recording during a HL procedure which passes EEG rejection

criteria to be included in this dataset; data quality of CL epochs were not assessed

for inclusion.

The age inclusion criteria resulted in a sample of n = 57 infants with GA of

23.2 − 35.9 weeks (mean = 31.7 weeks) and PMA at study of 29.4 − 37.0 weeks

(mean = 33.9 weeks) in UCL Dataset B. The EEG data were then checked for these

57 infants to ensure there was one HL annotation available for these infants. After

EEG pre-processing, there were n = 51 infants with one HL annotation passing

EEG rejection criteria. Demographics are summarised in Table 2.2.

2.2.5.3 Exeter Dataset

Ethical approval for the Exeter study is in place from the NHS REC as part of an

ongoing study (reference 12/SC/0447). Written parental consent is obtained from
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parents prior to each study and studies will conform with the declaration of Helsinki.

Pilot data collection began in June 2021 for training purposes, to ensure adequate

familiarity with EEG recording equipment and protocol in advance of the planned

study. However, data analysis for this study did not begin until after in-principle

acceptance of the Registered Report by Cortex.

Individual infants, prospectively recruited in Exeter, may be studied on more

than one occasion, however only data from the first usable test occasion was used

in this study. Infants received standard clinical care throughout the procedures in

accordance with local practice guidelines. We planned to recruit at least 10% more

infants than the calculated sample sizes to account for data artefacts and participant

withdrawal. Full participant inclusion and exclusion criteria are presented here.

Exeter Dataset A: Data Inclusion Criteria for Hypothesis 1

In Exeter, we planned to prospectively recruit and study the minimum required

sample of n = 40 infants to test hypothesis 1 (power calculation in Section 2.3.2.1).

We recruited and included infants who were 31.0 − 43.0 weeks GA and 34.0 −

43.0 weeks PMA at study, without restriction on PNA. This reflects the demographics

supported in the original Hartley study [219], as well as the sample of pilot data

used to power this hypothesis (Section 2.2.4: Oxford dataset A). Infants needed

to have both a HL and a CL procedure recorded with EEG, and passing rejection

criteria outlined in Section 2.2.7.2, to be included.

Due to time constraints, at time of study, recruitment was in progress with

n = 27 eligible infants recruited so far. These infants are part of an ongoing blinded

RCT for a pain-reliving HL intervention for which the data are still blinded, and

therefore the Exeter analysis is only at a pilot stage. EEG data were checked for

these 27 infants to ensure there was both one HL and one CL annotation available

for these infants. After EEG pre-processing, there were n = 23 infants with both one

HL and one CL epoch passing EEG rejection criteria. Demographics are summarised

in Table 2.2.
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Exeter Dataset B: Data Inclusion for Hypothesis 3

We did not plan to specifically recruit infants in Exeter to test this hypothesis.

Instead, we planned to include the subset of infants from our total recruited sample

of 40 infants in Exeter, whose demographics are described above, who met the

inclusion criteria for this hypothesis test. For this hypothesis, inclusion criteria are

infants born prematurely; with a GA less than 36.0 weeks and with PMA at study

of up to and including 37.0 weeks, to reflect the hypothesis that noxious-evoked

response correlates with age at study in premature infants in this range, from

Schmidt Mellado’s study [228].

These infants only need an EEG recording during a HL procedure which passed

EEG rejection criteria (Section 2.2.7.2); data quality of CL was not assessed for

inclusion. The majority of data used to test hypothesis 3 should be sourced from

the retrospective UCL dataset, and we only planned to include additional data from

the prospective Exeter dataset to maximise the available sample size. Data from

UCL alone were expected to meet the minimum calculated sample size requirement

of n = 38 infants (Section 2.3.2.2).

Of the n = 27 infants eligible for hypotheses 1 recruited in Exeter at time of

study, only n = 4 matched the demographic inclusion criteria for hypothesis 3. These

infants are also part of an ongoing blinded RCT for a pain-reliving HL intervention

for which the data are still blinded. Therefore, due to the very small numbers and

noise due to unknown intervention status for the HLs, no Exeter data was included

to test hypothesis 3 at this time.

2.2.6 Noxious and Non-noxious Stimuli

Participants included in this study have received a HL and CL stimulus to the foot

(hypotheses 1 and 2) or one HL to the foot (hypothesis 3). No extra HLs for blood

tests were taken for these infants solely for research purposes.
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2.2.6.1 Heel Lance

The noxious stimulus used throughout is the heel lance (HL), which is a clinically

required procedure that involves puncturing the skin on the heel in order to obtain

blood for analysis, and which is one of the most common invasive procedures

performed in the NICU [45]. In all cases, the HLs are applied due to clinical need,

and not solely for research purposes. If the clinician performed multiple blood

tests to collect enough blood, data is included from only the first HL where data is

useable.

2.2.6.2 Control Heel Lance

As a control to the noxious stimulus, the control heel lance (CL) is used, which

is designed to replicate the non-noxious aspects of the HL procedure. The CL is

performed in the same conditions as the HL, however the control stimulus involves

rotating the lance by 90 degrees, so that the blade is released into the air and not the

infant’s foot. This removes the noxious skin-break whilst maintaining the auditory

and tactile stimulation of the procedure.

2.2.7 EEG Methods
2.2.7.1 EEG Recording

In all datasets, the HL and CL stimuli were linked electronically to the EEG recording

equipment to precisely time each stimulus and mark the concurrent EEG at the

time of each stimulus. This improves accuracy and precision of the marked stimuli,

reduces human error, and avoids disrupting clinical practice. This time-locking

method has been used and described in previous studies [49, 211, 288] and was also

used and described by researchers for the UCL data collection [286]. EEG recording

equipment remained connected throughout the clinical procedure to avoid disruption

to the infant’s state.

Prospective Exeter Data Collection: Electrophysiological activity was acquired with

a Compumedics Grael V2 EEG System with a bandwidth from DC to 400 Hz

and a sampling rate of 2048 Hz. CURRYscan8 neuroimaging suite (Compumedics
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Neuroscan) was used to record the activity. All equipment conformed to the electrical

safety standard for medical devices, IEC 60601-1. Eight EEG recording electrodes

were positioned on the scalp at Cz, CPz, C3, C4, FCz, T3, T4 and Oz according

to the modified international 10-20 System. Reference and ground electrodes were

placed at Fz and the forehead respectively. EEG conductive paste were used to

optimise contact with the scalp. Electrode/skin contact impedances were reduced to

approximately 5 kΩ by rubbing the skin with EEG preparation gel prior to electrode

placement. An ECG electrode was placed on the left clavicle to record heart rate.

Oxford Pilot Data: The EEG data collection procedures were identical to the

prospective Exeter data collection, apart from a few technical differences. Oxford

data were collected with a SynAmps RT 64-channel headbox and amplifiers (Com-

pumedics Neuroscan), with a bandwidth from DC to 400 Hz and a sampling rate of

2000 Hz and recorded with CURRYscan7 suite (Compumedics Neuroscan). Infants

on the Oxford database either had EEG recorded with Fz as the reference electrode,

or where FPz was used as the reference electrode these data were re-referenced to

Fz during pre-processing.

UCL Data: EEG activity was acquired using the Neuroscan SynAmps2 EEG/EP

recording system with a bandwidth from DC to ≥ 500 Hz [286]. Signals were

digitised with a sampling rate of 2 kHz and a resolution of 24 bit. EEG was recorded

from up to 20 electrodes, in addition to ground and reference electrodes. Recording

electrodes were positioned according to a modified international 10/10 electrode

placement system, with high density central-parietal and posterior temporal coverage,

overlying primary visual (O1, O2), primary auditory (T7, T8), association (F7,

F3, F4, FCz, F8, P7, P8, TP9, TP10, POz), and somatosensory cortices (C3, Cz,

C4, CP3, CPz, CP4). The reference electrode was placed at Fz and the ground

electrode at either FC1 or FC2 depending on the infant’s position. Electrode/skin

contact impedances were minimised by gently rubbing the skin with a prepping

gel before applying electrodes with a conductive paste. ECG was recorded and

respiratory movements were monitored. EEG was assessed by an experienced clinical
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scientist, and all infants had normal EEG activity for their PMA. EEG recordings

were converted into EEGLAB data structures and segmented into 4 s epochs (2 s

pre- and post-stimulus). Each file contains data from the EEG electrodes, ECG, and

respiration transducer, with a trigger indicating the stimulus at 0 s. All methods

reported in Jones et al. [286].

2.2.7.2 EEG Analysis

EEGlab [289], Brainstorm [290] and custom-made scripts were implemented in

MATLAB (Mathworks) to filter, epoch, and reject EEG traces, as well as fit the

noxious-evoked EEG response template. The EEG processing procedures were

identical for all datasets, with the exception of downsampling the data from 2048 Hz

to 2000 Hz for the Exeter dataset. The procedures and parameters in the semi-

automated EEG processing pipeline are as follows:

Automated filtering and epoching: raw EEG data from the Cz electrode (continuous

data for the Oxford and Exeter datasets, and 4-second epochs for the UCL dataset)

were loaded into MATLAB. If not already recorded at 2000 Hz, data was downsam-

pled to 2000 Hz using EEGlab [289] to allow compatibility with the template. Next,

data was filtered between 0.50 Hz and 30 Hz, and epoched with 500 ms before and

1000 ms after each stimulus annotation of interest. Epochs were baseline-corrected

to the pre-stimulus mean.

Manual rejection procedure: EEG traces were assessed in a time-window of -500 ms

to +1000 ms around the stimulus marker. Traces with sustained activity greater

than +150 µV or smaller than -150 µV are rejected, as well as traces where the

baseline amplitude spans more than 100 µV, and traces with visually apparent

artefact falling within these pre-defined amplitude bounds (e.g., gross movement

artefact, muscle artefact, line noise or other technical artefact).

Automated template projection: The EEG template was projected onto all Cz EEG

traces passing quality criteria in a time-window 400 − 700 ms after the stimulus.

Each individual trial was first Woody filtered to the template with a maximum
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jitter of ± 100 ms in the template fit time-window to allow for individual differences

in stimulus response latency. The result of this template projection is a scaling

factor which represents the magnitude of noxious-evoked response for each trial, also

referred to as the template magnitude, or template coefficient.

2.2.8 Blinding Procedure

I was the sole analyst to pre-process the EEG data and analyse results, and I was

not involved in any of the prior published research whose results were tested for

reproducibility in this study. I did not access, view, or analyse the UCL data prior

to designing and submitting the study for pre-registration approval, sharing the

submitted pre-registered protocol on OSF (https://osf.io/zy9ms) and receiving

in-principle acceptance at Cortex. This included sample size planning, choice of

hypotheses and analyses, and all methods published in the Registered Report [281].

The UCL metadata are available to view as supplementary material, under isa-tab

metadata, with the publication (https://doi.org/10.1038/sdata.2018.248),

which I last accessed on October 12th 2021 to estimate sample sizes for the planned

analyses outlined here and in the Registered Report. Equally, participants were being

recruited in Exeter for an ongoing blinded RCT during the Registered Report peer

review process, and I did not view or analyse any of the Exeter data included in this

analysis prior to designing and submitting the study for pre-registration approval,

or sharing the submitted pre-registered protocol on OSF (https://osf.io/zy9ms).

Some of my colleagues in the Oxford Paediatric Neuroimaging Group had

previously observed and analysed aspects of the UCL data for separate research

concerning premature infants’ discriminable behavioural, physiological, and brain

responses to noxious and non-noxious stimuli [218]. This publication included 1)

visualisation of raw EEG for HL and CL across a subset of the dataset (infants aged

28-40 weeks PMA) 2) extraction of the main waveforms in the EEG response data;

3) projection of the template to the EEG data for inclusion in a machine learning

model. This did not compromise the blinding procedure, as I was not involved in

this prior research and did not have access to UCL data before pre-registration.
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2.2.9 Statistical Analysis Plans

The statistical analysis plans to test each hypothesis under examination for repro-

ducibility in this study are presented individually below. Analysis methods are also

described for quality control checks for the included data, termed outcome neutral

criteria. These methods were detailed in advance of conducting any data analysis to

test the hypotheses.

2.2.9.1 Outcome Neutral Criteria

Outcome neutral criteria are quality control checks which are designed to confirm

that data meet hypothesis-independent expectations, to avoid false conclusions and

misinterpretation of the data due to unrecognised faults, arising from technical error

or otherwise. We decided that appropriate outcome neutral criteria would comprise

confirming the presence of stimulus-evoked activity in the infants’ EEG traces for

both stimuli. These criteria are based on the premise that if EEG data quality is

sufficient, evoked activity should be present in response to both the HL and the CL.

We would expect both the non-noxious (auditory and tactile) control stimulus and

the noxious stimulus to evoke electrophysiological activity. Therefore, we designed

our outcome neutral criteria to check for significant differences between post-stimulus

(stimulus-evoked) and pre-stimulus activity on average, for both non-noxious and

noxious stimuli. For outcome neutral criteria involving the CL stimulus data, we only

performed these checks for the included CL data which was used to test hypothesis

1, as the other hypotheses only rely on HL data. The Oxford pilot dataset was

tested first against these outcome neutral criteria, since it was also used to pilot

the outcome neutral criteria tests. All included HL data that was used to test the

hypotheses, from Exeter and UCL datasets, was combined to check outcome neutral

criteria across datasets.

I performed a within-trials non-parametric cluster-based permutation analysis, in

all included EEG traces recorded at the Cz electrode, to test for significant differences

between the period 1-second pre-stimulus and 1-second post-stimulus [291]. I used
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pre- and post-stimulus EEG epochs of equal length (1 s each) in order to use paired

statistics. These EEG traces had been processed up to and including the filtering

stage described in Section 2.2.7.2, without Woody filtering. For each infant, the

difference between the pre-stimulus and the post-stimulus data was computed, and

t-statistics were calculated at each timepoint. Clusters of timepoints with t-statistics

greater than the 97.5th percentile of the t-distribution were identified. Cluster mass

(defined as the sum of the t-statistics in the cluster) was calculated and was assessed

for significance using 10,000 random permutations of the data (significance threshold

p < 0.05). To pass this quality control stage, there should be significant clusters

of difference between pre- and post-stimulus epochs for both CL and HL stimuli

separately, which would demonstrate that there are stimulus-evoked signals in the

EEG in each stimulus condition.

2.2.9.2 Analysis to test Hypothesis 1: Assessing the template’s general-
isability to discriminate noxious and innocuous activity

Hypothesis 1: The magnitude of noxious-evoked brain activity measured using the

template should be greater following a noxious HL compared with a non-noxious CL

procedure in infants 34.0 − 43.0 weeks PMA. Thus, we hypothesise a significantly

larger evoked template magnitude in response to the HL relative to the non-noxious

CL in infants 34.0 − 43.0 weeks PMA, assessed using a paired t-test.

To test Hypothesis 1, I planned two studies:

1. To retrospectively analyse all data available in the UCL Dataset for the

inclusion criteria for this hypothesis (outlined in Section 2.2.5.2: UCL Dataset

A) which I estimated to be n ≈ 88 from the published metadata [286].

2. To prospectively recruit n = 40 infants* from The Royal Devon & Exeter

Hospital, with recruitment and inclusion criteria outlined in Section 2.2.5.3:

Exeter Dataset A. *Following sample size planning in Section 2.3.2.1.

If there is a significant increase for HL greater than CL in each dataset (p < 0.05)

then the hypothesis would be confirmed, and the result that the EEG template
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discriminates between a noxious HL and a non-noxious CL would be reproduced

across multiple data centres. Otherwise, I would report that we are unable to

reject the null hypothesis and a failure to reproduce this result. To test this

hypothesis, data were first selected according to data inclusion (Section 2.2.5) and

EEG processing procedures (Section 2.2.7.2). Then, for each dataset, I performed a

paired one-tailed t-test for a HL response greater than CL response, as measured by

the noxious-evoked EEG template.

2.2.9.3 Analysis to test Hypothesis 2: Assessing the consistency of the
template magnitude

Hypothesis 2: The group average magnitude of the noxious-evoked brain activity

in response to a HL measured with the template should have a magnitude of 1

in term-aged neonates. Thus, we hypothesised that the average evoked template

magnitude in response to the HL is equivalent to one, assessed using the template

magnitude confidence interval and pre-defined equivalence bounds.

To test hypothesis 2, I calculated the mean and 90% confidence interval (CI)

for HL response in the UCL dataset (Section 2.2.5.2: UCL dataset A). The CI

was calculated by bootstrap resampling using the boot library in R [292, 293]. If

the mean and 90% CI are within the bounds 0.8 − 1.2, which is ± 20% around 1,

then the mean HL response can be considered equivalent to 1 in an independent

dataset according to FDA guidelines (see Section 2.3.2.2), and we would confirm

this hypothesis. If the 90% CI spread outside either of these bounds (less than 0.8

or greater than 1.2) then we would be unable to conclude whether the mean HL

response is equivalent across sites, and this hypothesis will be unconfirmed.

Accuracy In Parameter Estimation (AIPE) sample size planning described in

Section 2.3.2.2 suggests a sample of n = 73 infants is required to test the consistency

of template magnitude across sites. This was only achieved in the retrospective

UCL dataset (n ≈ 88, data inclusion in Section 2.2.5.2: UCL dataset A). It was not

feasible to recruit this sample size at the Exeter site during the study period, but

I will also report results of the mean and 90% CI for HL response in the smaller
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(n ≤ 40) Exeter dataset for transparency and completeness. These results were not

expected to be conclusive due to the smaller sample size.

2.2.9.4 Analysis to test Hypothesis 3: Assessing whether the template
measure of noxious response increases with PMA in premature
infants

Hypothesis 3: The magnitude of the noxious-evoked brain activity measured with

an EEG template approach in response to a HL has been reported to increase in

premature infants with PMA up to 37.0 weeks. Thus, we hypothesise a statistically

significant positive correlation between PMA and the template magnitude in response

to the HL, assessed using a Pearson correlation test.

If hypothesis 1 is unconfirmed then we will lack the basis to test hypothesis 3,

as we first assume that we are measuring the magnitude of noxious-evoked brain

activity to a HL. If hypothesis 1 is confirmed, then we will proceed with the analysis

plan to test this third hypothesis.

Hypothesis 3 is designed to assess the reproducibility of a biological finding of

age-related change in noxious-evoked EEG activity using the template measure,

as opposed to the generalisability of template characteristics across multiple sites.

Therefore, to test hypothesis 3 we combined all data in the retrospective UCL

Dataset (n ≈ 56) and the prospective Exeter Dataset (n ≤ 40), which matched

inclusion criteria as outlined in Section 2.2.5.2: UCL Dataset B and Section 2.2.5.3:

Exeter Dataset B. The majority of this data is sourced from the retrospective UCL

dataset, as it is a larger dataset than the prospectively collected Exeter sample.

In contrast to hypotheses 1 and 2, we did not recruit additional infants in Exeter

to specifically test hypothesis 3. We did however plan to include any available

data from the prospective Exeter dataset that matched the criteria to test this

third hypothesis. We expected that data from UCL alone should at least meet the

calculated sample size requirement of n = 38 infants to test this hypothesis (see

Section 2.3.2.3). We therefore expected to exceed the required sample size.
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To test hypothesis 3, we planned to perform a one-sided Pearson correlation

analysis, testing for a positive correlation between PMA and HL magnitude. We

planned to combine retrospective UCL and prospective Exeter data for this test,

and include a confound variable for the data site (UCL or Exeter) to account for any

differences in response magnitude between different sites. If the Pearson correlation

is positive between PMA at study and HL response with p -value < 0.05, accounting

for the site confound variable, then this hypothesis will be confirmed. Otherwise, we

will report that we are unable to reject the null hypothesis and a failure to reproduce

this result.

2.3 Pilot Data Analysis

2.3.1 Pilot Validation Procedures
2.3.1.1 Reproducing Original Template Validation Result

Since the publication of the template and its validation, our EEG processing pipeline

has been updated in line with recommended processes. Since the revised pipeline

has the potential to alter the morphology of the EEG data, we determined it

necessary to confirm that the revised pipeline did not change the results and

interpretation of the template validation in Hartley et al., using the original infant

dataset including noxious-evoked, non-noxious-evoked, and background EEG data

(n = 18, demographic details in Table 2.1). We tested the updated EEG processing

pipeline using identical raw data to those used in the original study. The template

was scaled so that a value of 1 represents the mean response evoked by a clinically-

required HL in a term-aged neonate, but these original data include a combination

of experimental noxious stimuli and HL stimuli, therefore the mean response to all

noxious stimuli is less than 1 (Figure 2.2). Non-noxious stimuli comprise CLs and

gentle touch stimuli, and background activity is activity prior to any stimulation

which was manually event-marked at time of recording [219].

Using the EEG template and updated pipeline, the noxious response was still

significantly greater than non-noxious response and background activity, whilst
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non-noxious response was not significantly different from background (Figure 2.2).

The results confirm that the updated EEG data analysis pipeline did not change

the original conclusions reported. Therefore, we start the replication study on solid

ground.

Figure 2.2: (a) Original template derivation in [219]. Figure from C. Hartley, E. P. Duff,
G. Green, G. S. Mellado, et al. Nociceptive brain activity as a measure of analgesic efficacy
in infants. Science Translational Medicine, 9(388), 2017. doi: 10.1126/scitranslmed.
aah6122, reprinted with permission from AAAS, and adapted with permission from the
lead author. (b) Replication of template results with the dataset (n = 18) used in the
original template derivation [219]. Top: Mean Woody-filtered EEG traces for all participant
trials for background, non-noxious, and noxious stimuli, with the noxious-evoked response
template fit overlayed in red. The vertical dashed black line for each trace shows the
time marker for the stimulus (time = 0 seconds). Bottom: Mean noxious-evoked template
coefficient over all trials for background, and non-noxious and noxious stimuli with bars
showing standard error of the mean, and asterisks indicating different levels of significance
between measures. Noxious response is significantly greater than non-noxious (t = 2.9,
p = 0.006) and background (t = 2.8, p = 0.007) whilst non-noxious response is not
significantly different from background (t = −0.9, p = 0.2) using a one-sided partially
overlapping samples t-test, as described in Derrick et al. to account for data containing
both paired and independent samples [294–296]. These comparisons match those shown
by Hartley et al., 2017, with the same data, despite differences in the EEG pre-processing.
The original template derivation included responses to low intensity experimental noxious
stimuli and therefore, as expected, the re-analysed data had a mean response magnitude
that was less than 1 (mean noxious response = 0.81; 95% CI: 0.71 − 0.93).

2.3.1.2 Outcome Neutral Criteria in Pilot Data

All pilot data were combined to test for outcome neutral criteria. There are n = 141

unique HL traces from both Oxford datasets A and B, since some participants are
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present in both datasets. There are n = 119 CL traces, which are all from Oxford

dataset A, since CL are not required for the third hypothesis test, which uses Oxford

dataset B. Results for the outcome neutral criteria for each stimulus are shown in

Figure 2.3.

There are significant clusters in the post-stimulus EEG compared to the pre-

stimulus EEG for each stimulus separately, using non-parametric cluster-based

analysis (Figure 2.3, bottom). For the HL stimuli (n = 141), there is one significant

cluster identified after correction, representing a noxious-evoked potential, from

435 − 1000 ms (p < 0.0001). For the CL stimuli (n = 119), one significant cluster,

representing a non-noxious early potential, is identified at 159 − 375 ms (p = 0.005).

These cluster timepoints match those reported in the literature for both the noxious

potential and non-noxious early potentials [212, 219, 297]. These data pass the

outcome neutral criteria tests since there is significant post-stimulus evoked activity,

not present in the pre-stimulus baseline activity, for both HL and CL EEG traces.

2.3.2 Power Analyses and Sample Size Planning with Pilot
Data

In the above, I have demonstrated consistency of the original publication findings [219,

228] in our pilot data using a large locally-acquired independent Oxford dataset

(Section 2.3.1.1), and determined that Oxford Pilot datasets meet quality control

criteria relating to outcome neutral expectations (Section 2.3.1.2). Following the

quality control checks, I used these independent data to estimate effect sizes for

power calculations to plan sample sizes to test each hypothesis, which I present

in the following sections. These power calculations match the relevant statistical

analyses used to test each hypothesis, as described in Section 2.2.9.

2.3.2.1 Sample Size Planning for Hypothesis 1

In the original study [219], the noxious-evoked response template was shown to

discriminate between noxious and non-noxious stimuli in term and premature infants

across multiple experiments. This included a significantly larger magnitude of evoked
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Figure 2.3: Outcome neutral criteria for all unique Oxford Pilot Data (a) heel lance
stimulus EEG (n = 141) and non-parametric cluster analysis results (b) control heel lance
stimulus EEG (n = 119) and non-parametric cluster analysis results. Top: stimulus EEG
trial averages overlayed for the 1-second post-stimulus (blue) and 1-second pre-stimulus
(orange), where stimuli are at 0 seconds. Bottom: non-parametric cluster analysis was
performed between all participant post- and pre-stimulus EEG traces, and the shaded
regions are identified regions of difference before the cluster-based correction. Clusters
which are significantly different after cluster-based correction are shaded at the bottom
of the figure (p < 0.05). Both heel lance and control heel lance stimuli have a significant
cluster of evoked post-stimulus activity after cluster-based correction compared to pre-
stimulus baseline activity.

response to a noxious HL compared with a non-noxious CL procedure, assessed with

the template of noxious-evoked activity. Using a locally-acquired dataset (n = 119,

described in Section 2.2.4: Oxford Dataset A, and in Table 2.1) which is independent

to the data used in the original template derivation (Table 2.1), we demonstrated

that the EEG template’s ability to discriminate between noxious HL and innocuous

CL stimuli can be observed in a larger independent dataset (Figure 2.4; Table 2.3).

We can use this larger dataset for more reliable effect size estimation and sample size

planning to test hypothesis 1. The effect size is calculated by the standardised mean

difference effect size for this within-participant design, i.e., the mean of differences

of the HL and CL responses divided by the standard deviation of the differences in

these responses, also known as Cohen’s dz [298]. The effect size in this dataset is

0.589 (95% CI: 0.39-0.77).

To ascertain the sample size required to test whether there is a significant
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Figure 2.4: Top: Mean Woody-filtered EEG traces for all participant trials in the
Oxford Pilot Dataset A (n = 119) for control heel lance (left) and heel lance stimuli
(right) in blue, with the noxious-evoked response template fit shown in red. The vertical
dashed black line for each trace shows the time marker for the stimulus (time = 0 seconds).
Bottom: Mean noxious-evoked template coefficient over all trials for control heel lance
(n = 119, mean = 0.48, std = 0.54) and heel lance (n = 119, mean = 1.02, std = 0.75) stimuli,
with error bars showing standard error of the mean. The effect size for the difference
between heel lance and control heel lance response in this sample is Cohen’s dz = 0.589.
Abbreviations: std = standard deviation.

Measure Mean or Mean
Difference (95% CI) Effect Size (95% CI)

Heel lance 1.02 (0.90 − 1.12) 1.35 (1.12 − 1.56)

Control heel lance 0.483 (0.41 − 0.61) 0.90 (0.69 − 1.18)

Heel lance minus
control heel lance 0.539 (0.38 − 0.72) 0.589 (0.39 − 0.77)

Table 2.3: Summary metrics for heel lance, control heel lance, and comparisons between
measures for an Oxford dataset of n = 119 infants. Confidence Intervals (CIs) are
calculated by bootstrap resampling [293] using the boot library in R [292]. The effect
size for the heel lance minus control heel lance is calculated as the standardised mean
difference effect size for this within-participant design, i.e., the mean of the differences of
the two response scores divided by the standard deviation of the differences, also known
as Cohen’s dz [298]. The effect size of the individual response scores (heel lance or control
heel lance alone) is in comparison to a null response, thus these effect sizes are calculated
as the mean of the responses divided by the standard deviation of the responses.
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difference between HL and CL response in our within-participant design, we

calculated our required sample size with the software G*Power for a one-tailed

t-test of matched pairs [299]. Using the effect size of 0.589 calculated from the

pilot data, a power of 90%, and a reduced alpha rate of 0.02 to account for positive

bias in publication, we need 35 infants to test this hypothesis. To compensate for

data loss due to artefact and participant withdrawal in the prospective study, we

increased the sample size for recruitment by 10%, resulting in a total sample size

of 40 infants which would be required for recruitment for the prospective study.

The UCL dataset had already been screened for artefactual EEG traces before the

authors shared this dataset, and therefore the exact calculated sample size (n = 35)

is sufficient from the UCL dataset [286].

2.3.2.2 Sample Size Planning for Hypothesis 2

The original derivation scaled the template such that the mean response to a HL

in newborns at term age was equal to 1 [219]. To test the equivalence of the HL

template response to 1, we calculated the mean magnitude and 90% CI of the HL

response in an independent dataset and determined whether this sits within the

equivalence bounds of 0.8 − 1.2. According to FDA guidelines [300, 301] for planning

bioequivalence studies, two measures which are within ± 20% of each other can be

considered equivalent. In tests of equivalence, one can consider whether the 90%

CI around the result is within the acceptable boundary, which in this case is a ±

20% difference of 1, and this is equivalent to carrying out two one-sided t-tests at

a 5% significance level [300–302]. Therefore, if the 90% CI for a group mean HL

response template magnitude sits within 0.80 − 1.20 then this group mean value can

be considered equivalent to a value of one.

The CI was calculated by bootstrap resampling [293] using the boot library

in R [292]. In our Oxford dataset of 119 infants, the magnitude of the mean HL

response is 1.02 with 95% CI: 0.90−1.12, and the standard deviation of HL response

in this sample is 0.75 (see Table 2.3; Figure 2.4). The 95% CI in these 119 infants

demonstrates that the template measure of the mean HL response is equivalent to a
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magnitude of one in infants aged 34.0 − 43.0 weeks PMA (Table 2.1). This sets a

broader age range to test the scale equivalence of a template measurement of mean

HL response to one in independent datasets.

To plan the sample size for this hypothesis testing, I used AIPE analysis, which

allows one to calculate the sample size that should result in a specified confidence

interval width for a mean result [303, 304]. The inputs of AIPE sample size planning

are the population mean (1.02) and standard deviation (0.75) of the HL response in

the pilot data, the desired accuracy width (0.4), and confidence interval level (90%).

In this case, we planned for a 90% confidence interval width no greater than 0.4; i.e.,

± 20% around 1, to confirm our hypothesis. I calculated the required sample size

using AIPE with the MBESS library in R [304, 305] which suggested that we needed

to include 73 infants for a 90% CI of mean HL response with an accuracy width

of 0.4. To compensate for data loss due to artefact and participant withdrawal in

a prospective study, we increased the required sample size by 10%, resulting in a

total sample size of 80 infants which would be required for recruitment for the

prospective study. The UCL dataset had already been screened for artefactual EEG

traces before the authors shared this dataset, and therefore the exact calculated

sample size (n = 73) is sufficient from the UCL dataset [286].

2.3.2.3 Sample Size Planning for Hypothesis 3

In 2022, Schmidt Mellado and colleagues reported that the magnitude of the noxious-

evoked brain activity increased with PMA at the time of study in infants studied

longitudinally [228]. Using the independent locally-acquired cross-sectional sample

of infants (n = 35, described in Section 2.2.4: Oxford Dataset B, and Table 2.1),

we observed a positive correlation between infant PMA and the magnitude of the

noxious-evoked brain activity (Pearson R = 0.51) as shown in Figure 2.5. This

indicates that the finding reported by Schmidt Mellado and colleagues, that HL

response correlates with PMA in premature infants, is observable in this cross-

sectional sample and when the template is applied to the data. To calculate the

required sample size for a one-tailed Pearson correlation test, I used G*Power for a
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Figure 2.5: Noxious-EEG template measure of heel lance response compared to PMA
for the included sample of n = 36 infants, where each infant is represented once. The grey
dashed line shows the linear least squares regression fit to the data with 95% confidence
interval shaded. There is a positive correlation between PMA and heel lance response in
this sample (Pearson R = 0.51, heel lance response mean = 0.97; standard deviation = 0.65).
The infants were aged 25.0 − 35.9 weeks GA (mean = 31.1 weeks), and 30.1 − 37.0 weeks
PMA at study (mean = 34.1 weeks). Abbreviations: GA = gestational age; PMA =
postmenstrual age.

calculation under the Exact test family and Correlation: Bivariate normal model

statistical test [299]. Using the correlation between PMA and HL response in the

pilot data, Pearson R = 0.51, a power of 90% and alpha = 0.02, with a null result

represented by Pearson R = 0, the required sample size to test this hypothesis is 38

infants. Inflating the sample size by 10% to compensate for data loss due to artefact

and participant withdrawal, we find a total sample size of 42 infants required for

recruitment for the prospective study. The UCL dataset had already been screened

for artefactual EEG traces before the authors shared this dataset, and therefore the

exact calculated sample size (n = 38) is sufficient from the UCL dataset [286].
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2.4 UCL and Exeter Datasets for Hypothesis Test-
ing

In this section, I describe the final UCL Datasets for hypothesis testing which fit

inclusion and exclusion criteria. Data inclusion and exclusion criteria followed the

methods presented in Section 2.2.5 as published in the Registered Report [281]. The

same criteria were applied for each dataset origin, where exclusion criteria were

also shared across hypotheses, though inclusion criteria depended on the hypothesis

(Section 2.2.5). Since the UCL Dataset is retrospective, all data were available at

this stage. Preliminary Exeter Datasets are also presented, however due to the

ongoing nature of the Exeter RCT into which these infants were recruited, these

data are incomplete in size (prospective recruitment is unfinished) and information

(data are blinded). Nevertheless, Exeter Datasets were selected and analysed at this

stage for proof-of-principle of the analysis methods and to provide early indications

of hypothesis test results in this dataset. All dataset demographics are summarised

in Table 2.2. An overview of ethics and status of UCL and Exeter Datasets are also

re-summarised here for clarity and completeness.

2.4.1 UCL Dataset

The UCL dataset is available via ReShare. Authorised access is given to users due

to the sensitivity of the data ([286], UK Data Service, https://doi.org/10.5255/

UKDA-SN-853204). I did not request data access and analyse any UCL data until

after in-principle acceptance of the Registered Report by Cortex. From UCL, we

included all available data from this retrospective dataset to test each hypothesis.

The UCL dataset contains n = 112 infants from which we selected infants to test

each hypothesis according to the relevant inclusion criteria.

2.4.1.1 UCL Dataset A: Data for Hypotheses 1 and 2

The demographic inclusion criteria resulted in a sample of n = 79 infants with

GA between 31.9 − 41.9 weeks (mean = 37.1 weeks) and PMA at study between

34.0 − 42.9 weeks (mean = 37.9 weeks) in UCL Dataset A. The EEG data were then
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checked for these 79 infants to ensure there was both one HL and one CL annotation

available for these infants. After EEG pre-processing, there were n = 74 infants

with a HL passing EEG rejection criteria, and n = 61 infants with both one HL

and one CL epoch passing EEG rejection criteria. The dataset demographics are

summarised in Table 2.2.

2.4.1.2 UCL Dataset B: Data for Hypothesis 3

Demographic inclusion criteria resulted in a sample of n = 57 infants with GA of

23.2 − 35.9 weeks (mean = 31.7 weeks) and PMA at study of 29.4 − 37.0 weeks

(mean = 33.9 weeks) in UCL Dataset B. The EEG data were then checked for these

57 infants to ensure there was one HL annotation available for these infants. After

EEG pre-processing, there were n = 51 infants with one HL annotation passing

EEG rejection criteria. The dataset demographics are summarised in Table 2.2.

2.4.2 Preliminary Exeter Datasets

Ethical approval for the Exeter study is in place from the NHS REC as part of an

ongoing study (reference 12/SC/0447). Written parental consent is obtained from

parents prior to each study and studies will conform with the declaration of Helsinki.

Pilot data collection began in June 2021 for training purposes, to ensure adequate

familiarity with EEG recording equipment and protocol in advance of the planned

study. However, data analysis for this study did not begin until after in-principle

acceptance of the Registered Report by Cortex.

2.4.2.1 Exeter Dataset A: Data for Hypothesis 1

In Exeter, we planned to prospectively recruit and study the minimum required

sample of n = 40 infants to test hypothesis 1 (power calculation in Section 2.3.2.1).

Due to time constraints, so far only n = 27 eligible infants have been recruited

at time of study. These infants are also part of an ongoing blinded RCT for a

pain-reliving HL intervention for which the data are still blinded, and therefore the

Exeter analysis is only at a pilot stage. EEG data were checked for these 27 infants

to ensure there was both one HL and one CL annotation available for these infants.

101



After EEG pre-processing, there were n = 23 infants with both one HL and one CL

epoch passing EEG rejection criteria. The dataset demographics are summarised in

Table 2.2.

2.4.2.2 Exeter Dataset B: Data for Hypothesis 3

We did not plan to specifically recruit infants in Exeter to test this hypothesis, but

to use recruited infants matching demographic criteria for this hypothesis test. Of

the n = 27 infants recruited in Exeter at time of study already eligible for hypotheses

1, only n = 4 matched the demographic inclusion criteria for hypothesis 3. These

infants are also part of an ongoing blinded RCT for a pain-reliving HL intervention

for which the data are still blinded. Therefore, due to the very small numbers and

noise due to unknown intervention status for the HLs, no Exeter data was included

to test hypothesis 3 at this stage.

2.5 Results of Outcome Neutral Criteria in UCL
and Exeter Data

2.5.1 Outcome Neutral Criteria in UCL Dataset

All UCL EEG datasets were combined to test for outcome neutral criteria after the

EEG rejection stage. There are n = 97 unique HL traces from both UCL datasets

A and B, since some participants are present in both datasets. There are n = 61 CL

traces, which are entirely from UCL dataset A, since CL are not required for the third

hypothesis test. Results for the outcome neutral criteria for each stimulus are shown

in Figure 2.6. There are significant clusters in the post-stimulus EEG compared to

the pre-stimulus EEG for each stimulus separately, using non-parametric cluster-

based analysis (Figure 2.6, bottom). For the HL stimuli (n = 97), there is one

significant cluster identified after correction, representing a noxious-evoked potential,

from 502 − 1000 ms (p = 0.001). For the CL stimuli (n = 61), one significant

cluster, representing a non-noxious early potential, is identified at 179 − 455 ms

(p = 0.009). These clusters comprise the time-windows reported in the literature for

both the noxious potential and non-noxious early potentials, respectively [212, 219,
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297]. These data pass the outcome neutral criteria tests since there is significant

post-stimulus evoked activity, not present in the pre-stimulus baseline activity, for

both HL and CL EEG data.

Figure 2.6: Outcome neutral criteria for all unique UCL data (a) heel lance stimulus EEG
(n = 97) and non-parametric cluster analysis results (b) control heel lance stimulus EEG
(n = 61) and non-parametric cluster analysis results. Top: stimulus EEG trial averages
overlayed for the 1-second post-stimulus (blue) and 1-second pre-stimulus (orange), where
stimuli are at 0 seconds. Bottom: non-parametric cluster analysis was performed between
all participant post- and pre-stimulus EEG traces, and the shaded regions are identified
regions of difference before the cluster-based correction. Clusters which are significantly
different after cluster-based correction are shaded at the bottom of the figure (p < 0.05).
Both heel lance and control-heel lance stimuli have a significant cluster of evoked post-
stimulus activity after cluster-based correction compared to pre-stimulus baseline activity.

2.5.2 Outcome Neutral Criteria in Exeter Dataset

There is only one Exeter dataset at this stage of the study, Exeter Dataset A of n = 23

infants with CL and blinded-intervention HL EEG data. Since there are few infants

in this group, no significant clusters were found for post-stimulus CL compared to

pre-stimulus CL EEG data after correction. However, considering uncorrected data,

one cluster was identified between 172 − 224 ms (corrected p = 0.2). Furthermore,

no significant clusters were found for the post-stimulus HL compared to pre-stimulus

HL EEG data after correction. For uncorrected data, one non-significant cluster

was identified between 567 − 756 ms (corrected p = 0.06). Identifying no significant
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clusters for the HL data is not unexpected, since these infants were recruited for

a RCT investigating pain-relieving interventions for the HL, and the data are still

blinded to investigators. Therefore, it is expected that half of the HL trials could

have reduced intensity due to the intervention effect, which would reduce the signal

in finding significant differences in post-stimulus activity for the HL traces compared

to pre-stimulus activity. Once unblinded, we expect that splitting the infants into

groups of RCT intervention and standard-care would reduce noise in comparing

post- and pre-stimulus HL activity.

2.6 Hypothesis Test Results

2.6.1 Hypothesis 1 Results: Noxious-evoked activity is sig-
nificantly greater than non-noxious activity measured
using the EEG template

Hypothesis 1 stated that the magnitude of noxious-evoked activity for a HL should

be significantly greater than the magnitude of noxious-evoked activity for a CL, for

paired data measured with the template. The sample size estimated for 90% power

to test this hypothesis with paired HL and CL data was n = 35 infants.

2.6.1.1 Hypothesis 1 Results in UCL Data

Hypothesis 1 was tested with a paired one-sided t-test of template magnitudes for

n = 61 infants from UCL Dataset A with both one HL and one CL passing EEG

rejection criteria. Noxious-evoked activity after HL was significantly greater than

noxious-evoked activity after CL (t = 6.8, p < 1 × 10−8). The mean noxious-evoked

template coefficient over for HL stimuli was 1.27 (95% CI: 1.08 − 1.50) and for CL

stimuli was 0.43 (95% CI: 0.35 − 0.52), whilst the mean difference between HL and

CL template coefficients was 0.84 (95% CI: 0.62 − 1.10). A graphical representation

of these results, including the EEG traces for HL and CL epochs with the template

fit are shown in Figure 2.7a. The sample size of n = 61 is greater than the estimated

sample size of n = 35 required for 90% power to test this hypothesis.
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Figure 2.7: EEG results for Hypothesis 1 for (a) UCL Dataset A and (b) Exeter Dataset
A. Asterisks indicate significant difference between groups (* p < 0.05; **** p ≤ 0.0001).
Top: Mean Woody-filtered EEG traces for control and heel lance trials are shown in blue,
with the noxious-evoked response template fit overlayed in red. The vertical dashed black
line for each trace shows the time marker for the stimulus (time = 0 seconds). Bottom:
(a) UCL Dataset A (n = 61) mean noxious-evoked template coefficient over all trials for
control heel lance (n = 61, mean = 0.43, std = 0.33) and heel lance (n = 61, mean = 1.27,
std = 0.86) stimuli, with error bars showing standard error of the mean. One-sided t-test
for noxious-evoked response for heel lance greater than control heel lance in UCL dataset
is t = 6.8, p < 1 × 10−8. (b) Exeter Dataset A (n = 23) mean noxious-evoked template
coefficient over all trials for control heel lance (n = 23, mean = 0.48, std = 41) and heel
lance (n = 23, mean = 0.86, std = 67) stimuli, with error bars showing standard error of
the mean. One-sided t-test for noxious-evoked response for heel lance greater than control
heel lance in Exeter dataset is t = 2.0, p < 0.03. Abbreviations: std = standard deviation.

2.6.1.2 Hypothesis 1 Results in Exeter Data

Hypothesis 1 was tested with a paired one-sided t-test of template magnitudes for

n = 23 infants in Exeter Dataset A with both one HL and one CL passing EEG

rejection criteria. Noxious-evoked activity after HL was significantly greater than

noxious-evoked activity after CL (t = 2.0, p < 0.03). The mean noxious-evoked

template coefficient over for HL stimuli was 0.86 (95% CI: 0.67 − 1.25) and for CL

stimuli was 0.48 (95% CI: 0.34 − 0.68), whilst the mean difference between HL and

CL template coefficients was 0.38 (95% CI: 0.12 − 0.93). A graphical representation

of these results, including the EEG traces for HL and CL epochs with the template

fit are shown in Figure 2.7b. The sample size of n = 23 is fewer than the estimated

sample size of n = 35 required for 90% power to test this hypothesis, and the blinded

HL data includes infants with either HL with or without additional intervention.
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Therefore, the effect size is expected to increase in the complete Exeter dataset

when including only infants with HL trials with standard-of-care without additional

intervention.

2.6.2 Hypothesis 2 Results: Scale of heel lance response
measured with EEG template is not site independent

Hypothesis 2 postulated that the mean noxious-evoked template magnitude for a

heel lance stimulus would be equivalent to 1 in newborn term-aged infants. The

sample size estimated for 90% power to test this hypothesis was n = 73 infants with

HL data.

2.6.2.1 Hypothesis 2 Results in UCL Data

There are n = 74 UCL infants from UCL Dataset A with one HL passing EEG

rejection criteria that can be used to test Hypothesis 2. Using bootstrap resampling

with based on 10,000 bootstrap replicates to calculate CIs, the 90% CIs for mean

HL template magnitude are 1.15 − 1.50 for n = 74 infants from UCL Dataset A.

This range extends beyond the upper bound of the pre-defined equivalence bounds

of 0.8 − 1.2, suggesting that the magnitude of noxious-evoked template response is

not a measure which is independent of data collection site.

Hypothesis 2 is rejected using the UCL Dataset. The average noxious-evoked

template magnitude in response to a HL in term-aged neonates is not equivalent

to one across multiple sites, so this measure is not independent to site effects. The

template magnitude could be influenced by site-to-site variable factors such as the

EEG equipment hardware and software, EEG set-up protocol, or expertise and

variable approach of technicians recording the EEG. The noxious-evoked response

magnitude may also be influenced by differences in standard-of-care to manage pain

in infants undergoing the HL procedure. Future studies comparing noxious-evoked

template magnitude data across sites should include a confounding variable for

independent recording sites.
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2.6.2.2 Hypothesis 2 Results in Exeter Data

Using bootstrap resampling with based on 10,000 bootstrap replicates to calculate

CIs, the 90% CIs for mean HL template magnitude are 0.69 − 1.17 for n = 23

infants in the Exeter Dataset. This range extends below the lower bound of the

pre-defined equivalence bounds of 0.8 − 1.2, which would typically suggest the

hypothesis is rejected. However, considering that some of the Exeter HL trials

include an intervention to reduce noxious response, which would reduce the average

noxious-evoked template magnitude measurement for intervention-arm HL if effective,

we cannot confirm nor reject a hypothesis of equivalence of response magnitude

across Oxford and Exeter sites using this blinded Exeter dataset. This test is also

underpowered regardless of the presence of any intervention effects, since there are

substantially fewer Exeter infants than the estimated sample size for 90% power

(n = 23 vs n = 73 required).

2.6.3 Hypothesis 3 Results: Noxious-evoked response is
not significantly correlated with PMA in premature
infants from the UCL dataset

Hypothesis 3 postulated that the noxious-evoked activity in response to a HL would

increase in premature infants with PMA up to 37.0 weeks. The sample size estimated

with single HL trials for 90% power to test this hypothesis was n = 42 infants.

Although the analysis plan for this hypothesis proposed combining UCL and Exeter

data for this hypothesis test, no Exeter data was included in this hypothesis test.

Few (n = 4) Exeter infants matched age inclusion criteria and these data have

HL stimuli blinded to intervention. Therefore, inclusion of Exeter data was more

likely to add noise than provide value at this stage, where we are unable to exclude

infants by intervention status. UCL dataset size was sufficient to meet sample size

requirements alone (n = 51 infants). Hypothesis 3 is rejected since the positive

correlation between HL response magnitude and PMA for UCL Dataset B infants,

which matched the demographic inclusion criteria for this test, is not significant

(Pearson R = 0.19, p = 0.2), as displayed in Figure 2.8.
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Figure 2.8: Noxious-evoked EEG template measure of heel lance response against PMA
for UCL Dataset B (n = 51 unique infants) used to test Hypothesis 3. The grey dashed line
shows the linear least squares regression fit to the data with 95% confidence interval shaded.
There is no significant correlation between PMA and heel lance response in this dataset
(Pearson R = 0.19, p = 0.2. Heel lance response mean = 1.19; standard deviation = 0.78).
The infants were 23.3 − 35.9 weeks GA (mean = 31.9 weeks), and 30.2 − 37.0 weeks PMA
(mean = 34.1 weeks). Abbreviations: GA = gestational age; PMA = postmenstrual age.

2.7 Hypothesis Test Conclusions

Whilst we are unable to finalise the hypothesis testing and complete all the pre-

registered analyses to determine reproducibility in multiple datasets, due to the

ongoing and blinded status of the Exeter RCT, we are able to draw some initial

conclusions from the complete retrospective UCL Database.

Hypothesis 1 was confirmed in UCL data using a paired one-sided t-test,

demonstrating that HL response magnitude was greater than CL response magnitude,

measured using the noxious-evoked template. This supports the construct validity

of the template, demonstrating reproducibility of the template measure to assess

noxious-evoked response magnitude. However, Hypothesis 2 was not confirmed

in the UCL data, indicating that the template measure is not consistent in scale

across datasets collected in different conditions. Average template magnitude of

noxious-evoked response to a clinical HL appears to be shifted greater than one

in UCL Dataset A, demographically-matched to Pilot Oxford Dataset A which

108



had an average template magnitude of one to a clinical HL. This does not reflect

on the reliability of the methods or applicability of the template to multi-site

datasets, instead it indicates that researchers must account for site-site variation

in EEG noxious-evoked response magnitudes, and include site as a confounding

variable in any analyses using datasets across multiple sites. Many factors could

influence these inter-site differences, including different approaches to standard-of-

care in different hospitals, different EEG recording equipment, set-up, and personnel.

Finally, Hypothesis 3 that magnitude of noxious-evoked response increases with PMA

in a premature cohort under 37 weeks PMA was not supported by the UCL dataset.

Therefore, we were unable to reproduce prior findings of positive correlation between

noxious-response magnitude and PMA in premature in UCL data. Whether this

result was not reproduced because the original data represented a false positive, or

due to unknown effects arising from differences in data collection methods across sites,

or differences in infant health and treatment approaches across sites, is unknown.

Further investigations and future comparison to a larger Exeter dataset could help

illuminate reasons behind the failure to reproduce this result.

We are greatly limited in our ability to interpret the preliminary results from

Exeter Data, since some of the HL trials will include an intervention, which remains

blinded until the RCT is complete. Conclusions of the preliminary Exeter analysis

merely suggest that Hypothesis 1 is likely to be supported by these data, since there

is a significant difference between HL and CL stimuli despite the blinded intervention

status. We were unable to demonstrate significant results for the Outcome Neutral

Criteria, due to low signal:noise in this limited dataset. Nevertheless, expected

clusters of distinct post-stimulus activity were evident in the Exeter EEG data for

both CL and HL traces, which lends promise to the quality of the final datasets.

The preliminary Exeter analysis also demonstrates the capability and readiness of

the EEG processing code and statistical analysis scripts to analyse data measured

from this site to test the hypotheses when data collection is completed. When the

Exeter data collection is completed, the RCT is complete and data unblinded for
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analysis, it will be interesting to see whether hypothesis tests using Exeter data and

the presented UCL results are in agreement.

2.8 Discussion

Classical methods of assessing pain, including vital signs and behavioural cues, are

the current “gold standard” for assessing infant pain, despite the well-documented

evidence of their practical and theoretical limitations [93, https://www.fda.gov/

drugs/news-events-human-drugs/fda-m-cersi-analgesic-clinical-trial-

designs-extrapolation-and-endpoints-patients-birth-less-two]. EEG

approaches developed to quantify noxious-evoked changes in neonatal brain activity,

initially developed by members of our research group, have been successfully used

in both basic and applied infant pain research [213, 215, 219, 227], and as primary

outcome measures in clinical trials to test efficacy of pain relieving interventions the

analgesic efficacy of morphine in neonates ([106]; https://clinicaltrials.gov/c

t2/show/NCT04901611). Despite the brain-based origin of the pain experience, and

prior evidence for EEG measurement of noxious-evoked brain activity, this approach

has not gained widespread use within the infant pain community. We believed that

a pre-registered replication study involving both prospective data and independently

collected retrospective data could help verify brain-based EEG methods for infant

pain assessment and encourage their wider uptake.

This pre-registered research is highly valuable, comprising carefully planned

methods and powered analyses to test three a prioi hypotheses. It is an unprecedented

reproducibility study in infant brain-based pain assessment in multiple datasets,

which allowed us to critically test the reproducibility of an EEG template measure

of noxious-evoked brain activity to distinguish between noxious and non-noxious

stimuli. The EEG template measure was shown to demonstrate significantly greater

responses to noxious than non-noxious control stimuli in both retrospective and

prospective datasets. This demonstrates the reproducibility and construct validity

of the template as a measure of noxious response in infants. Scale equivalence of
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the template measure of noxious response in infants measured in different sites

was rejected. Future studies should account for site-to-site variability in infant

noxious-evoked response, as magnitudes of noxious-evoked response to the same

stimuli cannot be directly compared across sites. These results are valuable for

designing and understanding future studies. For example, a multicentre Clinical

Trial utilising the EEG template measure of noxious response should include a

confound variable for centre origin to avoid erroneous conclusions. These results

support that the EEG template measure is a valuable tool for distinguishing noxious

from non-noxious stimuli in independent groups of infants, which can be used as

an objective measure to assess the efficacy infant pain management interventions.

However, this pre-registered research is not yet completed, and conclusions will

be finalised once all additional evidence from the prospective Exeter data site is

collected and unblinded.

2.8.1 Pre-Registration Discussion

Undertaking this research came with several unexpected challenges relating to the

Registered Report process. Though peer review of a manuscript with only research

methods should be more straightforward than peer review of a full manuscript with

results and conclusions, the process took almost one year. These unexpected delays

pushed back the start of data collection and analysis, since the study must be

accepted as a Registered Report before data analysis and prospective data collection

is allowed to commence. This also led to increased pressure, since the funding and

resources for the study were in place and yet we were in stasis, and some resources,

including myself, were time-limited. The inter-disciplinary nature of this research

and the relative novelty of pre-registered manuscripts may have contributed to

difficulties sourcing competent reviewers for this work. As pre-registration becomes

more commonplace, researchers should be more comfortable and capable reviewing

this alternative format.

Using alternative approaches to pre-registration which widen the net for peer

review and maximise flexibility may improve efficiency. Platforms like PCI-RR
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(Peer Community in Registered Reports: https://rr.peercommunityin.org/)

allow you to schedule a peer review in advance of submission for a more efficient

process, avoiding time wasted while the editor searches for reviewers after submission.

Sometimes the optimal journal to disseminate information only becomes clear after

results have been analysed. With some pre-registration processes you may have to

commit to a journal before results are known, and not all journals offer Registered

Reports. However, initiatives like PCI-RR allow for peer review and pre-approval

for numerous journals without choosing the journal in advance.

Guidelines are also often unclear or incomplete for certain research designs, such

as analysis of pre-existing data or replication studies, and particularly both together.

It was difficult to determine the appropriate format and what is considered acceptable

when combining both retrospective and prospective analysis, and particularly for a

replication study, when there are lacking guidelines for both retrospective analyses

and replication studies individually, let alone combined. Each journal presents their

own guidelines to a different degree. Despite numerous resources from the Centre for

Open Science directly (https://www.cos.io/initiatives/registered-reports)

or hosted on OSF (e.g., https://osf.io/x4gzt/wiki/Preregistration%20Te

mplate/), these only presented guidelines for secondary analyses or replication

separately, rather than considering both together. Similarly, there were no guidelines

for pre-registration combining secondary and prospective analyses together.

Currently, there is no good pairing between Registered Reports or other peer

reviewed peer registration formats, and funding models. Partially this is due to

legal difficulties in collaboration between government funding bodies and corporate

publishers. Having a collaborative process would be mutually beneficial in reducing

duplication of pre-study review, and benefit researchers in having peer-reviewed

approval of your research protocol which can garner trust and confidence from grant

providers to fund your research. Combining initiatives, we could have a smoother,

more open, and peer-led funding process.
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Through this study, we learnt that pre-registration can be a difficult process

during the early days of its adoption. Limitations of pre-registration can delay

work too much to be viable in all cases, especially if there is a fixed data collection

period, short-term contracts, or a collaboration with a limited time-window. It is

best to decide on the registered report format early in planning stages of the study,

to maximise available time and reduce pressure on the process. These experiences

are based on one Registered Report submission to one journal only, and may be

vastly different for other journals and research fields. In the future, I would choose

PCI-RR for pre-registration over a journal-specific submission, which includes open

peer review, improved efficiency, access to reviewers across multiple disciplines, and

greater flexibility. Hopefully, with greater time and experience, more journals will

offer a registered report pathway, guidelines will improve and turnaround times

will decrease. Despite experiencing complications and delays, having an accepted

Registered Report should lead to a smoother and more efficient publication process

for our final results, as the methods have been pre-approved and lengthy additional

analysis cannot be forced by reviewers at the final stage. Additionally, the quality of

the completed reproducibility study should be stronger, with less bias and greater

credibility, due to pre-registering the methods in detail.

2.9 Chapter Summary

We designed a Registered Report to test the reproducibility of an EEG template

measure of noxious-evoked brain activity in infants. The research design included

independent retrospective data collected at UCL and prospective data to be collected

at Exeter sites. To date, only UCL data are complete and Exeter data collection is

ongoing. Therefore current conclusions are based on UCL data only. These results

support that the EEG template measure has construct validity, to distinguish noxious

from non-noxious stimuli, but is not scale equivalent across sites. A cross-sectional

dataset of premature UCL infants at less than 37 weeks PMA did not show an age

relationship with noxious-evoked response. These results suggest that the EEG

template can be a useful objective measure of noxious response in infants, provided
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confounding factors are appropriately considered. There were numerous challenges

associated with pursuing a Registered Report format, although it lends credibility

to the research and ensured robust methods and powered analyses. Alternative

approaches to pre-registration including PCI-RR may be more efficient and flexible

for future research. Final conclusions of this replication study await completion of

the Exeter data collection.
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3
Developing a Pain Prediction Machine

Learning Model using Infant MRI
The Machine Learning model I developed and have presented in this Chapter
is included in the following publication, of which I am a co-author: L. Baxter,
F. Moultrie, S. Fitzgibbon, M. Aspbury, et al. Functional and diffusion MRI reveal
the neurophysiological basis of neonates’ noxious-stimulus evoked brain activity.
Nature Communications, 12(1), 2021. doi: 10.1038/s41467-021-22960-0

3.1 Introduction

Lack of direct and objective information and overlapping signals for distress and pain

make understanding the infant pain experience a difficult problem to untangle. This

is not only a scientific conundrum, but is important for providing appropriate clinical

care to reduce both immediate and long-term harm, for infants who experience pain.

Studies have shown that repeated pain exposure in infancy leads to developmental

deficiencies in later-life whilst, on the other hand, over-treatment of analgesia can also

manifest with short- or long-term side-effects [66, 306]. There are large individual

differences in pain sensitivity, some which can be explained by factors including

sex [221], infection [68] and prematurity [217, 228]. In general however, there is

always a level of inter-individual and trial-to-trial variation in infant pain response
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which we are unable to explain or predict, and which affects the sensitivity of clinical

trial outcome measures [122]. For the sake of infants’ health, it is important to be

able to understand and predict individual variation in infants’ pain experiences, in

order to provide care which neither over- nor under-treats pain.

3.1.1 Machine Learning in Neuroimaging and Pain Research

Machine Learning (ML) uses algorithms which take data as an input and output

information in the form of predictions of continuous data or classifications, through

learning patterns of association between features of the input data and the target

output(s), without the explicit involvement of human intelligence in the learning

process. ML models can be ’supervised’ where data used to train the model is

labelled, and models aim to find associations between input features of the data

and different labels, or ’unsupervised’ where models attempt to separate data into

different categories or clusters with no prior information. ML model outputs can be

used at face value to provide predictions, such as clinical outcomes or biomarkers

of disease state or severity, as well as at a deeper level, to develop our scientific

understanding through further investigation of the features and patterns which are

important to the ML model’s prediction or classification accuracy.

ML applications using neuroimaging data began in the early 2000s, and have

increased rapidly in the past 10 years [307]. This includes studies which have focused

on assessing and classifying pain in adults [308–310] and infants [235, 311, 312], and

an exciting study using ML models of fMRI activity to investigate the efficacy of

analgesic drug action [238]. However, infant studies have largely trained ML models

using facial expression data and assessed accuracy by comparing to behavioural pain

assessment ratings from clinicians [235, 312], disregarding the previously-outlined

issues of subjectivity and non-specificity in facial expression ratings of pain in

neonates. Adult ML studies, meanwhile, have included brain-based assessments of

pain [229], although adult research often has the advantage of access to individuals’

own verbal pain reports to use as a ground truth to train and test their models [229,

238, 308, 309]. Using neuroimaging data to assess and predict pain in neonates with
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ML algorithms would provide objective improvement to this field of research, and

unlock future potential to use neuroimaging-based pain predictions to study the

efficacy of pain management interventions in the vulnerable infant population.

There are a variety of pitfalls to avoid when designing and implementing ML

methods. Neuroscience and infant studies can be particularly vulnerable to some of

these issues due to the small dataset sizes available to researchers, unlike fields which

can harness big data to overcome insensitivity and unoptimised models. We can

eradicate or minimise these issues through careful implementation of appropriate ML

development practices, such as adequate cross-validation and preventing test-train

data leakage, avoiding overfitting, valuing generalisability to additional datasets,

and being cautious with conclusions and claims drawn from small-scale studies. I

took care to implement a robust ML pipeline, seeking to avoid these biases.

3.1.2 Motivation and Background

The foundational component of this research focused on using functional MRI data

to measure and predict neonatal noxious-evoked responses. fMRI scans can be taken

under different circumstances: in rs-fMRI subjects lie in the MRI scanner at rest

without any particular task; in stim-fMRI subjects complete an experimental task or

have a stimulus applied, often repeatedly, during the scan. Data from both rs-fMRI

and stim-fMRI can be analysed to decode stimulus-specific cortical activity, and to

build models based on resting-state activity to predict stimulus response activity.

The aim of this research was to develop an ML approach to predict the magnitude

of stim-fMRI responses to experimental noxious stimuli in healthy infants from their

rs-fMRI data. The ability to predict noxious stimulus response from rs-fMRI has

potential value, as predicting an individual infant’s sensitivity to pain might be

used prior to painful procedures to inform clinical practice, such as implementing

appropriate treatment strategies to provide adequate pain management. Additionally,

whilst noxious stim-fMRI data is difficult to collect in infants due to ethical and

practical reasons, it is much more straightforward and common to collect rs-fMRI

in infants. Therefore, finding pain-relevant signals in rs-fMRI could allow us to
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explore pain-related phenomena using larger available infant rs-fMRI datasets. This

avenue could present a workaround to existing barriers in infant pain research around

recruiting participants, acquiring sufficiently large and representative numbers of

infants from different populations, and the challenges of time, cost and ethics in

acquiring infant noxious MRI recordings. Instead, we could use pre-existing and

available rs-fMRI data to more efficiently conduct exploratory research, and drive a

focused and meaningful use of resources for future infant pain research.

Prior research provided central evidence to the feasibility of this work. Support

came from adult research validating predictions of stim-fMRI from rs-fMRI in

the verbal adult population [313], as well as research identifying similar cortical

activity between adult and infant populations in response to noxious stimuli (see

Figure 3.1) [177, 178]. We can derive specific RSNs from rs-fMRI data, which

comprise spatially independent regions of the brain which display temporally

synchronised activity at rest [314, 315]. RSNs have been shown to be consistent

across subjects, and can be described by their functional relevance, such as auditory,

visual, and motor networks, and are observed during their respective functionally-

relevant tasks as well as at rest [313, 316]. With regards to pain research, studies

have shown associations between RSNs and pain using fMRI in adults [317–319], and

infant RSNs correspond to adult RSNs [160, 162]. In combination, these findings

that (a) adult noxious-response activity is similar to infant noxious-response activity

(b) adult RSNs correspond to infant RSNs and that (c) adult noxious-responses

can be predicted from resting-state brain activity, suggested that it should also be

possible to accurately predict individual infant noxious responses from RSN activity

derived from fMRI.

I utilised a support vector regression machine trained in a cross-validated leave-

one-out fashion on resting-state data to predict individual noxious-evoked brain

activity in an fMRI dataset comprising 18 healthy infants. My specific aims were

to reproduce the results from Luke Baxter’s pilot ML model, then to develop and
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(a) (b)

Figure 3.1: Left: Predictions of stim-fMRI patterns from rs-fMRI from a motor task in
adults, from [313]. Reprinted with permission from AAAS. Right: Similarity of noxious-
evoked response between adult and infant populations; 18 out of 20 possible adult-identified
regions also identified in infants, from [177]. Reprinted with permission under a CC BY
4.0 license (http://creativecommons.org/licenses/by/4.0/).

improve the model. Firstly, I incorporated more thorough optimisation and confound-

correction procedures for increased reliability and statistical robustness. The initial

model contained errors including information leakage between the training and

test data, due to using whole-dataset confound regression rather than robust cross-

validated confound regression methods [320], and therefore I first had to consider

bias in the pilot model and develop a more valid and robust pipeline. Secondly, I

incorporated adult-validated pain-response signatures into the prediction model as

response outcomes, rather than using only a noxious stimulus response template

based on the training and test dataset itself. Using this independent signature

of noxious-evoked brain activity was of additional value, since using independent

signatures directly linked to pain in adults bolsters the interpretability and validity

of the ML model compared to using within-dataset measures. Predictions of response

measures from each of these two templates, the noxious-evoked stimulus response

template (SRT, a within dataset measure) and Neural Pain Signature (NPS, a

dataset-independent measure from [229]), were presented in the final publication as

well as additional measures suggested by my co-authors to further demonstrate the

specificity of the predictions to noxious-evoked brain activity [231].
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3.1.3 Chapter Outline

This chapter outlines the development of a valid and robust ML pipeline to predict

individual infant noxious-evoked responses from their resting-state brain activity.

This research was conceptualised by my co-authors on Baxter et al. [231]. I developed

and implemented an ML model to include key design principles to produce accurate,

unbiased and generalisable predictions. The resulting ML pipeline, which I developed,

was central to our research publication, Baxter et al. [231]. In the following, I will

describe the development, methods, and validation of this ML pipeline, and provide

results which demonstrate the accuracy of its predictions.

3.2 Methods

3.2.1 Recruitment and Research Protocols

Informed written consent for the studies were provided by a neonate’s parent before

the study commenced. Ethical approval was obtained from the NHS REC (reference

12/SC/0447), and research was conducted in accordance with NHS Good Clinical

Practice guidelines and the Declaration of Helsinki. An overview of the on-the-day

timeline and logistics for infant MRI scanning is provided in Figure 3.2. Further

details of recruitment and study protocols are provided in sample consent forms and

PILs for infant MRI studies in Appendix B. Detailed SOPs for MRI transport and

safety, and MRI preparation and conduct, are also shared in Appendix B. General

study withdrawal and safety reporting SOPs are provided in Appendix A.1.

3.2.2 The Dataset

The development of the ML Pipeline involved a retrospective dataset of n = 18

neonates which were recruited at the John Radcliffe Hospital, Oxford, and scanned

in the adjacent Centre for Functional Magnetic Resonance Imaging of the Brain

(FMRIB) at the Wellcome Centre for Neuroimaging. Neonates at the John Radcliffe

Hospital were eligible for study recruitment if they were healthy, without history

of neurological problems, self-ventilating in air and clinically stable at the time
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Figure 3.2: Overview of Infant MRI Scanning Protocol. The images show (i) transport
of infant from the ward to the MRI scanner, (ii) infant comfortably swaddled and fitted
with neonatal headphones to protect ears from the noise of the MRI scanner, (iii) infant
prepped in the MRI room before scanning, including placement of head cushions and
pulse-oximeter monitoring; (iv) application of stimulus to the foot during fMRI (PinPrick
Stimulators, MRC Systems). Images printed with permission.

of study [177]. Included neonates (n = 18) were studied during the peri-term

period (between 36 − 38 weeks PMA [321]) or full-term period; they had a GA of

35 − 42 weeks (mean = 38.3 weeks), PMA of 36 − 42 weeks (mean = 38.7 weeks) and

were scanned within the first 10 days after birth (mean PNA = 2.8 days). There

were 10 male and 8 female neonates. Full demographics are presented in Table 4.1.

3.2.3 Noxious Stimulation

In the experimental design for these Oxford neonates, acute noxious (non-skin-

breaking) stimulation was applied to the dorsum of each subject’s left foot, using

precision-force 128 mN nociceptive stimulators (PinPrick Stimulators, MRC Systems).

These stimuli were repeated 10 times for a length of 1 s each, and with minimum

inter-stimulus interval of 25 s. The stimuli were time-locked to the MRI recording

using Neurobehavioural Systems software, version 20.1 (https://www.neurobs.co
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m/) [177, 231]. This mild non-skin-breaking noxious stimulus is known to evoke

brain activity closely resembling that evoked by skin-breaking clinical procedures

associated with pain, including inoculation and heel lancing [219, 221]. However,

the evoked brain activity is much lower in amplitude in response to the pinprick

stimuli compared to clinical skin-breaking procedures and, unlike tissue-breaking

procedures, the pinprick stimuli do not lead to significant increases in behavioural

indicators of distress or clinical pain scores in neonates [225]. This pinprick stimulus

is therefore a useful experimental tool to develop our understanding of nociceptive

processing in neonates whilst alleviating ethical concerns of causing distress and

pain in this population.

3.2.4 Functional MRI Recording

All MRI data from these infants were collected at FMRIB on a Siemens Prisma

3T scanner with an adult 32 channel receive coil. The functional image acquisition

was as described in Baxter et al. [231]. The scan comprised T2* BOLD-weighted,

GRE, EPI readout TE = 50 ms [232], TR = 1300 ms, mean TA = 6 min (approx.),

multiband 4 [322, 323], with 56 slices, 2 mm isotropic voxels, and a single-band

reference image acquired at the start.

3.2.5 Resting-State Networks

RSNs were inferred from rs-fMRI using PROFUMO (PRObabilistic FUnctional

MOdes) [324, Codebase: https://git.fmrib.ox.ac.uk/samh/profumo]. We

performed PROFUMO analysis with a customised neonatal haemodynamic response

function (HRF) from Arichi et al. as a prior [233, 325], to extract biologically

plausible RSNs from both n = 18 Oxford subjects and n = 242 subjects from

the dHCP [155, 231]. PROFUMO was used for RSN selection, since this method

decomposes fMRI data into spatial and temporal modes, but unlike other approaches

such as Independent Component Analysis (ICA), PROFUMO uses a Bayesian

approach which can incorporate the customised neonatal HRF, varying signal:noise,

and can estimate subject-level as well as group-level networks. PROFUMO only
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Figure 3.3: Nine thresholded group-level resting-state network maps from n = 242
dHCP subjects [231]. Arbitrary thresholding was for illustration purposes, and the colour
bar represents posterior means. VNm = medial visual network, VNop = occipital pole
visual network, ANr = right auditory network, ANl = left auditory network, SMN =
somatomotor network, DMN = default mode network, DAN = dorsal attention network;
ECN = executive control network. Adapted from [231] and printed with permission under
a CC BY 4.0 license (http://creativecommons.org/licenses/by/4.0/).

extracts component RSNs which are supported by the data, therefore the number of

extracted RSNs will be impacted by sample size and signal:noise, but we can have

greater confidence in the results. Fitzgibbon et al. identified 16 RSNs in dHCP

infants [155], and we identified 9 RSNs which were replicated across both Oxford

and dHCP datasets [231]. The fact that these 9 RSNs were independently identified

and replicated across two independent infant datasets, demonstrates that they are

the more robust and reproducible components of neonatal resting-state activity in

these datasets, and thus these 9 RSNs were used for subsequent analysis to maximise

generalisability of the model [231]. Since they were calculated from a larger dataset

with a better signal-to-noise ratio, the dHCP templates of these 9 selected RSNs

were used to calculate RSN amplitudes in each neonate (Figure 3.3), rather than

the Oxford-derived RSN templates.

Predictors for stim-fMRI response in the ML model were based on the amplitudes

of these RSNs in each subject. Amplitudes were calculated from the median absolute

deviation (MAD) of the general linear model (GLM) regression of subject rs-fMRI
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timeseries with RSNs. Whilst network amplitudes from timeseries fMRI data are

commonly calculated as using the standard deviation, MAD was chosen as a more

robust metric [231], since it is less susceptible to noise and outliers of timeseries

spikes, which are likely a result of infant head motion. All GLM calculations for

this work relied on FSL (The FMRIB Software Library) [326, 327].

3.2.6 Confounds

Confounds are properties of the subject data considered to introduce noise or have

their own nuisance trends with the rs- or stim-fMRI across the dataset. If the goals

were purely driven by predictive accuracy, removing confound effects is not always

necessary since the labelling of “confound” is a philosophical one dictated by what

your hypotheses and research aims are [328]. However, to generalise application to

additional datasets with different properties to the training data, including real-world

datasets, understanding and removing confounding factors is important for model

accuracy and reliability. Furthermore, removing confounds allows interpretation of

underlying relationships in the predictions e.g. the specific significance of functional

brain activity and neurological development on noxious responses.

Confounds we corrected for in these data were mean head motion, and amplitude

measures of cerebrospinal fluid (CSF) and WM in the brain. These confounds impact

quality and detail of fMRI scans so may account for variations in noise across subjects,

which we do not want to inform the model instead of the noxious-evoked component

of the BOLD fMRI signal. WM amplitude was chosen to capture between-subject

variability in global signal amplitude, which is a known confounder of rs-fMRI data

that was not removed in our fMRI pre-processing pipeline [329]. CSF amplitude was

chosen to capture between-subject variability arising from residual cardiac pulsatility

signals [330]. We did not correct for factors such as age, since these can have

interesting and important biological implications for brain development and pain

sensitivity. More precisely, noxious-evoked response amplitudes from stim-fMRI were

corrected for (1) mean framewise displacement of the head, (2) stimulus-correlated

head motion, and (3) CSF signal amplitude throughout the stim-fMRI scan. The
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stim-fMRI CSF signal amplitude was calculated as the mean regression coefficient of

the infant’s noxious-response map within the CSF region of interest (ROI) according

to the Schuh neonatal atlas [331]. Meanwhile, resting state network amplitudes from

rs-fMRI were corrected for (1) mean framewise displacement of the head, (2) CSF

signal amplitude, and (3) WM amplitude throughout the rs-fMRI scan [231]. WM

and CSF ROIs were defined from the Schuh neonatal atlas [331], and in each case

‘amplitude’ was calculated as the MAD of the signal timeseries for each measure.

We also demonstrated that a prediction model trained on these confounds does not

predict infant noxious-evoked responses [231].

3.2.7 Within-Dataset Stimulus Response Template

One method used to measure the noxious stim-fMRI response relies on a “stimu-

lus response template” (SRT) derived from Oxford infants’ brain-activity during

experimental noxious stimuli. This template was formed from the group pseudo

t-statistic map of every Oxford subject’s stim-fMRI contrast of parameter estimates

(COPE) maps. “Pseudo” refers to the smoothing of subject variance, modifying the

traditional t-statistic method [332]. We confirmed that this group-average response

template included brain regions classically considered part of the adult nociception

pain system [231, 333]. The SRT was derived by Luke Baxter, and its methodological

development is discussed in detail in his DPhil thesis [334]. The other method of

measuring noxious stim-fMRI response relies on the independent adult-derived NPS

which is described further in Section 3.2.8 [229]. The SRT response score attempts to

reflect an overall measure of the infant’s brain activity in response to noxious stimuli,

whilst the NPS is a signature of brain activity that has specifically predicted reported

pain intensity in adults. Using these two different templates of noxious-evoked brain

activity enables us to analyse the specificity and sensitivity of our measurements

(in stim-fMRI) and predictions (from rs-fMRI) of pain response. Further details of

these subject response measures and their use in the ML model are described in

relevant sections in the text (Section 3.3).
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3.2.7.1 Calculating Noxious Response Amplitude

The method to calculate an individual noxious-evoked response amplitude using

the within-dataset SRT is as follows. The SRT is derived from all subjects’ stim-

fMRI COPE maps, and then each individual response score is derived from the

GLM regression of the subject stim-fMRI COPE map against this group SRT [231].

This spatial regression coefficient is a scalar value representing the infant’s noxious-

response amplitude.

3.2.8 Neural Pain Signature (NPS)

Several pain-related signatures have been described in adults, including the NPS [229],

Stimulus Intensity Independent Pain Signature [14], Picture-Induced Negative

Emotion Signature [335], Heart Rate Stress [336] and Vicarious Pain [337]. For our

infant study we are primarily interested in the NPS, an intensity-encoded adult

signature for response to physical noxious stimuli which was validated using pain

reports and non-noxious equivalent stimuli (e.g. noxious thermal, and non-noxious

thermal stimuli). The NPS is specific to physical, personal, pain not including

threat, vicarious or emotional pain, and has been validated for a broad range of

noxious stimuli in adults including thermal, mechanical, and electrical. Figure 3.4

shows areas of fMRI-identified brain activity comprising the NPS [229]. These

embody both positive predictive weights, regions of activity positively associated

with intensity of reported pain response, and negative predictive weights; regions

negatively associated with predicted pain response. It is important to note that the

NPS doesn’t explain the stimulus intensity-independent modulation effects in pain

response, e.g., pain modulation due to placebo and psychological interventions. The

NPS was transformed to infant space for this research by Eugene Duff [178, 231].

3.2.8.1 Calculating Noxious Response Amplitude

The method to calculate an individual noxious-evoked response amplitude using

the NPS is described here. Using the signature validated by Tor Wager et al. [14,

229] required a different measure of similarity to the GLM used for regression of
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Figure 3.4: fMRI activity comprising the Neural Pain Signature (NPS), adapted from
Wager et al. [229]. The overall NPS is represented, but it can also be split into components
of positive predictive weights for pain response (yellow-red) and the negative predictive
weights for pain response (blues). Reproduced with permission from [229], Copyright ©
2013, Massachusetts Medical Society.

stimulus response COPE maps against the Oxford dataset derived stimulus response

template mentioned previously. In preliminary analyses, a simple GLM to extract

the signatures’ contributions from stim-fMRI was ineffective since outliers dominated,

but the pattern-based cosine similarity measure between the subject stimulus fMRI

COPE maps and the NPS proved more effective. Cosine similarity is more robust to

outliers since it is influenced less by differences in the strength of responses, and more

by the pattern. Thus, a similar response pattern will give a strong positive similarity

even if the relative response amplitude is weaker. This is also important since the

NPS was derived in a very different dataset, of adults, and thus intensity magnitudes

in the adult population may not be appropriate for quantitative comparison of

similarity in infants, but pattern and direction of intensity in the signature is key.

Deriving response scores from cosine-similarity to the adult-validated NPS template

in infant-space [178] also reproduces the methodology of original authors of the NPS,

who used cosine-similarity to quantify adult responses [229].

3.3 Machine Learning Pipeline Development

My contribution to the research publication by Baxter et al. [231] was in developing

and implementing a robust ML pipeline, ensuring it was well-designed to avoid biases,

and incorporating various improvements from a basic starting template proposed
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by my colleague, Luke Baxter. Baxter initially proposed a basic linear support

vector regression (SVR) model as part of his research plan to demonstrate that

individual infant nociceptive sensitivity can be predicted from resting-state brain

activity [231]. I built upon this work to eliminate issues with data leakage in the initial

model, test alternative machine-learning models, and implement several optimisation

procedures to reduce bias and increase generalisability, based on machine-learning

best-practices [320].

In brief, I added a formal automated optimisation step, z-scaling, and replaced

confound regression on the whole dataset, for both predictors and response scores,

with cross-validated confound regression to remove the bias of data leakage between

test and training datasets. In the following, I will describe the basis for each of my

optimisations, along with the final ML pipeline and prediction results.

3.3.1 Choice of ML Algorithm

Linear SVR was initially chosen over ordinary least squares (OLS) linear regression

since SVR is more robust to outliers (loss ∼ error) than OLS regression (loss ∼ error2).

In addition to linear SVR, I explored alternate algorithms of greater complexity,

such as non-linear SVR using an rbf kernel. However, I found that alternate non-

linear regression algorithms yielded no improvement or even degraded the prediction

accuracy compared to linear SVR. Furthermore, research has shown that in small

sample datasets in the range of tens to a few hundred, linear SVR regression is as

accurate as more complex models including non-linear SVR and ridge regression,

whilst performing significantly better then LASSO and OLS regression [338]. Given

these results, I focussed on developing an optimised linear SVR ML pipeline.

3.3.2 Improvements and Steps to the ML Pipeline

The ML pipeline was optimised for a linear SVR model in which predictors for

each subject were amplitudes of RSN activity, and responses were either of two

different measures of subject noxious stim-fMRI activity as described in the methods

(Sections 3.2.7; 3.2.8). The linear SVR model was implemented using scikit-learn
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packages (version 0.21.3) in the Python™ programming-language (version 3.7.4) [339].

Early versions of the Python™ script were based on MATLAB® code by Luke

Baxter, although later versions diverged from that implementation as the method

was developed. The full ML pipeline including optimisation and fitting is summarised

in Figure 3.5. The pipeline comprises pre-processing steps for input variables, and

the subsequent fitting procedure gives the predicted responses. Permutation testing

is then performed to evaluate the model.

1a. Pre-process responses (y):
LOO confound regression and 

standard scaling, for all y.
Both are trained on training set 

and applied to test sample

1b. Pre-process predictors (X), if 
predictor confounds: 

LOO confound regression, for all X.
Confound regression trained on 
training set and applied to test 

sample

2. GridsearchCV
LOO optimization of C, the 

penalty parameter, for 
linear SVR.

C search over C={0.0001, 
0.001, 0.01, 0.1, 1}

3. Model Fit
a) Input: raw responses (y) and 

predictors (X)
b) LOO train/test split
c) Extract y training set mean
d) Confound regression on y*
e) Standard scaling on y*
f) If X has confounds, confound 

regression on X*
g) PCA (0.98 variance) on X*
h) SVR fit on X_train, y_train, C 

from 2.
i) SVR prediction on X_test
j) Inverse standard scale 

predicted y
k) Remean predicted y from 

training set mean
l) Mean-squared error is (inverse 

scaled predicted y) – (inverse 
scaled measured test y from 
step e)

m) Repeat for all y, X

* Indicates process trained on training set 
and applied to test sample

4. Permutation Test
a) Shuffle raw responses and 

response confounds (same 
shuffle order for both)

b) With shuffled responses, 
follow flowchart steps 1-3. 

c) Repeat 1000+ times
d) Extract mean-squared error, 

spearman correlation and R2 

for each permutation

Figure 3.5: Flowchart of Machine Learning Pipeline. This pipeline was designed to
optimise the prediction model, as discussed in detail in the text. Steps 1a and 1b can occur
in parallel, but the following steps 2, 3 and 4 occur consecutively after each step is complete.
Abbreviations: C = penalty parameter for the error term in the SVR model [339], CV
= cross-validated, LOO = leave-one-out, PCA = principal components analysis; y =
responses, X = predictors, SVR = support vector regression model.

3.3.2.1 Pre-processing Inputs

Some processing of raw responses and predictors is performed to improve model

accuracy and generalisability. For both the responses and predictors, we include a

confound correction step known as cross-validated confound regression (CVCR), in

a leave-one-out fashion [328]. Leave-one-out CVCR involves fitting a least-squares

linear regression model containing each confound variable for the training data (all

but one held-out subject), then applying the linear regression to the test sample (held-

out subject). New confound-regressed predictors/responses are the residuals of this
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regression. The cross-validated leave-one-out (CV-LOO) nature of this processing

ensures that the deconfounding procedure does not introduce signal into the training

or test data that biases the ML predictions, and ensures that the ML model may be

fed unknown subject data and make reasonable predictions rather than over-fitting to

a specific, limited, dataset. Snoek et al. has shown that CVCR on both predictors and

response variables is the least biased way to investigate relationships in neuroimaging

data [328]. Code for CVCR was sourced from Snoek et al. and implemented in our

CV-LOO pipeline [328, 340, Codebase: https://github.com/lukassnoek/MVCA].

For the responses there is an additional pre-processing step. This is applying

‘z-scaling’ via the scikit-learn StandardScalar function, which rescales each test

subject’s score by subtracting the mean of the training data scores and dividing

by the standard deviation of the training data scores. Importantly, this z-scaling

is also performed in a cross-validated leave-one-out fashion, since otherwise global

variables of dataset mean and variance would be introduced into the responses and

skew the model. This re-scaling improves the performance of the gridsearch step

which optimises model parameters.

3.3.2.2 Optimisation

In essence, the optimisation procedure uses a CV-LOO gridsearch function to

iteratively evaluate the mean squared error (MSE) of predicted responses against

calculated responses, for a set of different SVR models with different parameter

options. Whilst I initially tested alternative non-linear approaches as well, predom-

inantly using the radial basis function kernel, they delivered inferior predictive

accuracy and all subsequent analyses concern the linear SVR. For this linear

SVR, the only parameter being searched is C > 0, the penalty parameter for

the error term in the scikit-learn implementation of SVR [339, https://scikit-

learn.org/stable/modules/svm.html#svm-regression]. Larger C means less

regularisation, and the SVR puts greater weight to minimising error for any particular

subject. Increasing C is not necessarily beneficial, since in cases of noisy data and/or

outliers, a lower C is better to improve regularisation of the estimation. Furthermore,
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it increases the time required for training and fitting, although negligible in this

study, and the MSE from increasing C will meet a threshold and plateau. Hence,

gridsearch ensures the best choice of C for our SVR model.

3.3.2.3 Model Fitting

Once the CV-LOO gridsearch step has been completed, and the optimum C has

been identified, it is stored for implementation in the model fitting step(s). The

fitting procedure of the ML pipeline is broadly similar to optimisation, with a few

notable exceptions; principal components analysis (PCA) to reduce noise in the

predictors, and producing the predictions themselves. The PCA step is performed

across the nine RSNs to select the principal components (PCs) which explain 98%

of the variance in the RSN data. Choosing PCs by 98% of explained data variance

is intended to improve signal:noise without compromising model information. For

the Oxford training dataset, this translates to selecting 7 or 8 PCs in each LOO

training set.

Following all the appropriate processing steps described, and shown in Figure 3.5,

the SVR model can finally be trained on the training set (all but one subject)

of processed predictors and response measures, and a prediction made for the

final held-out subject’s response (whose rs-fMRI data has not been supplied in

the training of the SVR). Each subject is iteratively held-out, keeping in all other

subjects’ data, and a predicted response stored for each subject after complete

re-fitting of the SVR (all steps under 3. Model Fit in Figure 3.5). Once all subject

predicted response scores have been collected, the prediction accuracy can be assessed

since scores can be directly compared to measured stim-fMRI responses for the

Oxford dataset. Primarily, root mean squared error (RMSE) between predicted and

measured responses was used to assess accuracy.

3.3.2.4 Model Evaluation

Prediction model evaluation metrics were three-fold: RMSE, as noted in the model

fit, as well as Spearman’s rank correlation coefficient or “Spearman R”, and the
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coefficient of determination, R2, which measures goodness-of-fit of a prediction

model. These three metrics provide complementary information to evaluate model

performance. RMSE is useful since it directly quantifies the error between predicted

and true calculated response metrics. Since we are using two response metrics

(the SRT GLM and NPS cosine-similarity) with different scales, we also report the

Normalised RMSE (NRMSE) which divides the RMSE of the predicted responses by

the difference between the maximum and minimum of the ‘true’ calculated responses.

This enables us to more easily compare performance between models using different

response measures. Spearman R is useful since it quantifies to what degree the

model accurately ranks predictions from lowest to highest, reflecting the ability of

the model to determine an individual infant’s pain sensitivity on a relative scale

within the group. The correct ordering of the predictions from lowest to highest

calculated values does not necessarily compare with a low RMSE. Finally, R2 is a

standard measure of the goodness-of-fit of a prediction model which explains the

proportion of variation of the response variable which is predicted by the model

predictors. Typically, R2 should range between 0 and 1, where 1 denotes perfect

prediction (all but unachievable in scientific prediction models) and 0 denotes that

the model consistently predicts the group mean of the response variable; a flat

horizontal line on a plot of predicted vs calculated response. However, R2 can be

negative in cases where the prediction model performs worse than the mean (which

gives an R2 = 0), which can occur if using an inappropriate model (e.g. a non-linear

model for a linear system), due to model-fitting to a mismatched system, extreme

outliers, or mistakes in implementation [341]. Therefore, an increasingly positive

value of R2 indicates improved model prediction capability, whereas a negative R2 is

also a useful indicator of potential mistakes or inappropriate modelling to be fixed.

Permutation tests, where subject labels on responses were shuffled randomly

before implementing the entire ML pipeline, were performed to calculate the

statistical significance of the results as assessed by the three metrics of RMSE

(or NRMSE), Spearman R, and R2, and compute the p-values associated with each

metric. Each permutation test comprised 10,000 permutations of the data which
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were separately fed into the entire ML pipeline. The p-values were computed as a

one-tailed significance test for each metric for the true order of data compared to

each distribution of metrics from the permuted data.

3.4 Final Machine Learning Pipeline Results

The results comprise predictions using RSN amplitudes in the rs-fMRI data to predict

two different response features calculated from two different templates applied to

the stim-fMRI data. Whilst the predictors (RSN amplitudes) are the same in both

models, the stim-fMRI-derived responses the model is trained on, and predicts, are

different. Firstly, we use response scores derived from the GLM regression of subject

stim-fMRI COPE maps against the stimulus response template derived from all

subjects’ stim-fMRI COPE maps [231]. Secondly, we use response scores derived

from cosine-similarity to the adult-validated NPS in infant-space [178], which follows

the similarity measure in Wager et al. [229] (see Section 3.2.8 for more information

on the NPS). The first response score tries to produce an overall measure of the

infant’s brain activity in response to noxious stimuli, whilst the second is a signature

of brain activity that has specifically predicted reported pain intensity in adults.

Using these two different templates of noxious-evoked brain activity enables us

to analyse the specificity and sensitivity of our measurements (in stim-fMRI) and

predictions (from rs-fMRI) of pain response.

We found that both response measures can be robustly predicted from rs-fMRI

activity (Figure 3.6). The stimulus-response template predictions have root mean-

squared-error, RMSE = 1.57 (p = 0.0005), R2 = 0.64 (p = 0.0005) and Spearman

R = 0.79 (p = 0.001), whereas NPS predictions have RMSE = 0.025 (p = 0.01),

R2 = 0.42 (p = 0.01) and Spearman R = 0.62 (p = 0.02). The different magnitudes

of RMSE relate to the different magnitudes of the two response measures, so

we can compare across models using the Normalised RMSE. In this case, the

NRMSE = 0.20 (p = 0.0005) for the SRT predictions and NRMSE = 0.25 (p = 0.01)

for the NPS predictions. It is also worth noting that there is high correlation between
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(a) (b)

Figure 3.6: Final Machine Learning pipeline predictions for n = 18 Oxford infants.
(a) using the adult-derived NPS (RMSE = 0.025 (p = 0.01), with NRMSE = 0.24,
R2 = 0.42 (p = 0.01) and Spearman R = 0.62 (p = 0.02)) (b) using the Oxford group-
average SRT (RMSE = 1.57 (p = 0.0005), with NRMSE = 0.20, R2 = 0.64 (p = 0.0005)
and Spearman R = 0.79 (p = 0.001)). Abbreviations: NPS = Neural Pain Signature,
(N)RMSE = (Normalised) Root Mean Squared Error; SRT = Stimulus Response Template.

the two measured response values (Pearson R = 0.81) as well as predicted response

values (Pearson R = 0.87). Across all these metrics, the model using the within-

dataset SRT response measure outperforms the model using the adult-validated NPS

response measure. However, we are testing the model only with the dataset within

which the SRT was derived, so we have no information on potential over-fitting or

the generalisability of each measure to external datasets.

3.5 Discussion

These results support that rs-fMRI can be used to predict stim-fMRI responses

to experimental noxious stimuli in infants, using a robust model. All steps were

taken to prevent leakage of test data into training the model, including cross-

validated correction procedures, to prevent bias in the prediction model. The

prediction accuracies achieved suggest it may be possible to infer an infant’s

sensitivity to noxious-evoked stimuli, as a surrogate measure of their pain-sensitivity,

from nociception-free RSN activity. The proven effectiveness of the model which

incorporates the adult pain-validated NPS, along with prior research mapping infant

noxious response activity to adult pain response, bolsters the interpretation that

these noxious-evoked responses link to pain sensitivity. Whilst the within-dataset

template measure gave greater model performance metrics on all counts, the use
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of the adult-validated NPS is potentially more generalisable to external datasets.

This hypothesis remains untested without access to adequate independent data.

Additionally, the high correlation between the NPS and within-dataset template

suggest that both are similarly measuring nociceptive sensitivity in this dataset.

Whilst we observed that the RSNs used as predictors in this model do not

contain notable pain relevant regions from adult studies, namely the amygdala and

orbitofrontal cortex, the fMRI research from Goksan et al. did not find these regions

to be activated in response to the experimental noxious stimuli [177]. Although

these regions may be activated in response to more painful stimuli in infants that

we have not observed in prior studies, we do not have the evidence to suggest

that is the case, nor that it could improve the accuracy or generalisability of this

prediction model in neonates. This study acts as proof-of-concept for modelling

and predicting individual infant pain sensitivity from nociception-free resting-state

activity, and there are many steps yet to take in order to develop a clinically viable

tool to pre-emptively manage pain in neonates. For example, translation to EEG

methods or other cot-side imaging techniques would increase the clinical viability

and potential impact of this approach.

Implementing MRI-based biomarkers of pain and learning from pain-prediction

models is an exciting future possibility, particularly in clinical trial applications which

have controlled environments and access to scanners [342]. However, a prediction

model of pain based on rs-fMRI is not currently clinically practical, and future

work could convert this model into more realistically implementable systems. In

particular, if this framework could be applied to EEG data, which is cheaper and

easier to acquire even cot-side, it would be much more accessible to clinical practice

and clinical trial research. Another direction for this research is developing our

understanding of the underlying relationships that allow us to predict noxious-

evoked responses from resting-state activity. Understanding individual infants’ pain

sensitivity, from more fundamental and accessible measures than fMRI activity,

could help towards developing better treatment plans tailored to infants. It is evident
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from the measured noxious-response data that there is a high degree of variability in

individual noxious sensitivity, and therefore individual infants may require different

levels of pain management in a clinical setting. Explanations for this variability can

be a mixture of genetic and environmental factors [343], as well as infants being at

different stages of the rapid development of their brain in early life which impacts

noxious signal processing [212, 217, 228]. Given the nature of the underlying signals

used in this accurate prediction model, where predictors are RSN activities, the

amplitudes of major functional networks and the sensitivity of an infant to noxious

stimuli may reflect the infant’s developmental stage. Baxter et al. explored and

uncovered correlates between the underlying functional RSN activity in these infants

and measures of their structural brain development [231]. We hypothesised that

noxious responses were positively correlated with brain maturation, motivating my

research in the next Chapter, which aimed to test the maturation hypothesis.

Given the small sample size limitations of this study, and the expense and

difficulties associated with running larger scale infant MRI studies, we relied on data

from the pioneering dHCP to explore these relationships to a greater extent. Further

to the work presented in Baxter et al., on how individual nociceptive sensitivity

relates to both structural and functional development in dHCP and Oxford data,

in the following Chapter I will explore the relationships between predicted noxious

response and measures of neurodevelopment, particularly in relation to prematurity,

in dHCP datasets.

3.6 Chapter Summary

I developed an ML model to predict infants’ noxious-evoked response magnitudes

from their rs-fMRI activity. I optimised a linear support vector regression ML model,

including best-practices such as nested cross-validation to prevent data leakage

and scale normalisation to reduce bias in the predictions. I tested the ML model

with two template measures of noxious-evoked activity: the Stimulus Response

Template derived from stim-fMRI data of the Oxford dataset of 18 infants, and
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a sample-independent Neural Pain Signature. Prediction accuracy was evaluated

with three complementary statistics in a dataset of 18 infants; RMSE, Spearman R,

and R2, using permutation testing to evaluate statistical significance. ML models

were able to accurately predict noxious-response magnitudes from rs-fMRI activity

using each stim-fMRI noxious-evoked response template measure. These results

demonstrated the validity of predicting noxious-evoked response from resting-state

activity in infants.
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4
Predicted Pain in Infants, Early and

Long-Term Neurodevelopment
The Machine Learning model I developed and applied in this Chapter is presented
in the following publication, of which I am a co-author: L. Baxter, F. Moultrie,
S. Fitzgibbon, M. Aspbury, et al. Functional and diffusion MRI reveal the neu-
rophysiological basis of neonates’ noxious-stimulus evoked brain activity. Nature

Communications, 12(1), 2021. doi: 10.1038/s41467-021-22960-0

4.1 Introduction

There are two over-arching motivations for this Chapter, which focusses on ex-

ploratory research utilising the large dHCP neuroimaging dataset. The overall aim

was to investigate factors associated with pain predictions in dHCP data, using the

pain prediction model outlined in the previous Chapter. The primary motivation was

to explore relationships of brain structure and function underlying inter-individual

infant pain sensitivity. This involved developing the exploratory findings presented

in Baxter et al. that linked predicted noxious-evoked response intensity to features

of structural and functional development in the Oxford dataset and age-matched

dHCP infants [231]. The second motivation was to explore whether predicted pain

sensitivity is associated with health-related metrics which have been correlated to
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early pain exposure, such as prematurity and neurodevelopmental assessment at

2-year follow-up. This latter motivation concerns whether relationships between early

pain exposure, prematurity, and neurodevelopmental outcome could be modulated

by nociceptive sensitivity. Would increased nociceptive sensitivity lead to reduced

neurodevelopmental outcomes (which have been related to pain exposure), due to

greater sensitivity to painful procedures? Are infants with reduced nociceptive-

sensitivity protected from adverse neurodevelopmental outcomes? Is prematurity

associated with heightened or reduced nociceptive sensitivity that could relate to

increased pain exposure or to developmental differences compared to term neonates?

Each of these questions could be exploratorily probed using longitudinal dHCP data.

4.1.1 Structural and Functional Correlates of Nociceptive
Sensitivity

Our analysis in Baxter et al. showed that increased noxious-evoked responses

correlated with metrics indicating greater brain maturation, implying that noxious

sensitivity in early life increases with age and brain development [231]. This was

based on observations that neonatal within-dataset SRT noxious-evoked responses

increased with increasing RSN activity, increasing FA and decreasing MD in white

matter tracts [231]. White matter MD typically decreases with age in the developing

infant brain, since MD is a measure of overall diffusivity in all directions, which

decreases due to decreasing water fraction compared to tissue content with brain

development [344]. White matter FA measures the directionality of water diffusion

which increases with infant brain development due to increased oligodendrocytes

and myelination and greater organisation of brain tissue [344].

Prior exploratory research identified five nociception-relevant tracts which are

coupled to brain regions key to pain and nociception processing [231]. The five tracts,

displayed in Figure 4.1, are the superior thalamic radiations (str), corticospinal

tracts (cst), anterior thalamic radiations (atr), uncinate fasciculi (unc) and forceps

minor (fmi). Lower MD and higher FA in these tracts were correlated with increased

noxious-evoked response [231]. These tracts are implicated in nociceptive function by
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Figure 4.1: Annotated nociception-relevant white matter tracts (according to Baxter et
al. [231]) overlayed on the dHCP standard T2w 40 week reference template, also known as
the Schuh atlas [155, 331]. Displayed with radiological convention (left brain on the right
side). Abbreviations: atr = anterior thalamic radiations, cst = corticospinal tracts, fmi =
forceps minor, str = superior thalamic radiations; unc = uncinate fasciculi.

relaying signals through connections with key brain networks. The coupled pain and

nociception-relevant cortical regions are: the somatomotor network involving sensory

processing and nocifensive motor signals (connected with str ; cst), limbic regions

for emotional aspects of pain (connected with atr ; unc), and medial and lateral

frontal lobes for aspects of higher-order integration and modulation of pain signalling

(connected with fmi) [231, 345, 346]. In the following, we test whether the nociception

relationships with structure-function and brain maturation, observed in Oxford and

dHCP term infants, are reflected in comparisons between development-poor preterm

infants and age-matched term infants.

There have been numerous studies measuring macrostructural, microstructural,

and functional development of the infant brain in isolation, and yet there has been

very little work combining measures of structural, diffusion, and functional MRI

data together to provide more comprehensive analyses. Whilst several infant studies

have attempted to interpret diffusion and structural MRI together, or functional

and structural MRI together, there are very few studies analysing a combination of
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diffusion and functional MRI [205, 347]. Therefore, I chose to analyse both dMRI

and fMRI in the same dataset in order to fill a gap in the literature.

4.1.2 Prematurity and Neurodevelopment

If the same trends are observed in premature infants as we initially observed in term-

born infants [231], then the less mature premature-born infant brains should exhibit

lesser noxious evoked responses than term-born infants matched in PMA. It would

be interesting to observe whether we predict differences in pain sensitivity between

premature and term-born dHCP cohorts based on RSN activity, and whether the

influence of maturity on brain activity and noxious-evoked responses is generalisable

to premature infants. For these functional analyses to be useful, it is vital to

understand how these changes occur in the context of large-scale changes in the

structural parameters of the brain. These have been widely studied in the newborn

infant brain in separation, but the relationship between functional network and

structural features of the brain have not been extensively characterised [347].

Early life complications, including prematurity, are associated with later life

pain and developmental delay [77]. Whilst prematurity can accelerate aspects

of functional development in newborns as a result of stimulus exposure, such as

increased visual acuity and visual cortex activity relative to term newborns [348,

349], this is a short-term acceleration of development which is only present in

infancy. However, there are sustained discrepancies in development in later life

which disadvantage premature-born infants. For example, developmental delays and

disabilities pertaining to cognitive and motor function are more prevalent throughout

childhood and adulthood in those born prematurely compared to those born at

term [350]. In this work we study the development and impact of prematurity

on the structural and functional elements of the neonatal pain system, exploring

the relationship of these elements to each other and to subsequently recorded

Bayley Scores of Infant Development (BSID). Stimulus- and behaviour-evoked and

spontaneous functional activity can be detected in the infant from the early gestation,

providing an early window into the development of co-ordinated brain activity. In

141



infants, resting-state and stimulus-evoked activity is seen to be rapidly developing

as the infant develops.

Prematurity is associated with higher risk for persistent developmental delay

in later life [350–352], neurodevelopmental injury [353, 354], mental illness in

adulthood [355], as well as both hypo and hypersensitivity to pain in later life [75,

77, 356]. There are several features which increase adverse outcomes in individuals

born prematurely [344, 357–359]. For example, structural features including early

cortical maturation at TEA have been shown to predict development at 2 years in

very preterm infants [359], when including sex, gestational age, and socioeconomic

status and global injury scores from structural MRI in the model. Other research

has shown the significance of sex [358], gestational age [358–360] and socioeconomic

status [359, 361–363] on developmental risks in preterm infants, although the latter

is equally important for term-born infants [361].

4.1.3 The Brain Maturation Hypothesis

In Baxter et al., we hypothesised that observed and predicted noxious-evoked

responses were correlated with metrics of brain maturity, such that infants with

indicators of greater overall brain maturation had greater noxious-evoked responses.

The dHCP dataset provides the opportunity to explore this hypothesis further, by

investigating how predicted noxious-evoked responses differ in a premature-born

set of infants compared to term-borns. I aimed to test three hypotheses in this

premature and term dHCP dataset: (1) that premature infants’ predicted noxious-

evoked responses would be greater at TEA than during the preterm period, since

the premature infants’ brains will have matured significantly with increasing PMA

from the early premature period to TEA; (2) that there will be a difference in

predicted noxious-evoked responses between term-born and premature-born infants

at TEA, owing to differences in brain maturation, since pre-term birth is associated

with altered brain development driven by differences in the uterine and extrauterine

environments, pre-term care and other biological and environmental factors [350,

364, 365]. (3) According to the results of our original study presented in Baxter
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et al., we would also expect that differences observed in predicted noxious-evoked

response between groups would be positively correlated with metrics of greater brain

maturation, in particular group RSN activity and structural development of five

WM tracts, identified as significant in the original study, measured with MD and

FA.

4.1.4 Chapter Outline

In this Chapter, I will describe the results of applying the ML model which I

presented in the prior Chapter 3 to the dHCP dataset, to test hypotheses regarding

the links between predicted noxious-evoked activity and underlying functional

and structural brain development. These explorations are based on background

literature and initial research described in our publication [231]. For this research,

I focused on characterising predicted noxious-evoked activity in the newborn in

the context of functional and microstructural changes. I determined the effects of

prematurity on predicted noxious-evoked responses, and how these intersect with

structural developmental features, functional resting-state activity, and long-term

neurodevelopmental outcomes. I aimed to gain insight into nociceptive sensitivity by

characterising predictions derived from noxious-evoked responses in this additional

dataset.

4.2 Methods

The ML pipeline is as described in Chapter 3. I used the NPS measure for the

following analyses, as it is a validated sample-independent measure which has been

shown to directly map to verbal pain ratings in adults (see Chapter 3, Section 3.2.8

for more detail). In general, prediction models trained on valid sample-independent

measures are more likely to be generalisable, and I expected that a prediction model

using the NPS measure was more likely to generalise to the dHCP dataset than a

model using the within-Oxford SRT measure (Chapter 3, Section 3.2.7), which may

over-fit to the training set and be less representative of a wider population.
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The Oxford dataset and MRI recordings are as described in the previous Chapter

(Section 3.2). Therefore, here, I will describe only the dHCP database, sample

selection, and MRI recording details which differ from the Oxford dataset.

4.2.1 dHCP Data

The available dHCP data comprised 558 MRI scanning sessions from 505 unique

infants in the second dHCP data release (http://www.developingconnectome.o

rg/data-release/second-data-release/release-notes/). Of these sessions,

there were 512 fMRI scans passing the dHCP fMRI quality control schema [155], and

490 dMRI scans passing the dHCP dMRI quality control schema [366]. Metadata

are available for these infants, including variables such as age, sex, 18-month follow-

up assessments, neonatal neurological conditions, mode of delivery at birth, and

parental details such as occupation and mental illness. Not all data are recorded and

complete for all infants. For example, enrolment details are marked as incomplete

for 30 of the 464 unique infants with fMRI scans passing quality control.

4.2.1.1 dHCP Datasets: Sample Selection and Demographics

For the purposes of my research questions, I selected two unique cohorts of infants

from the dHCP database. The first was a dataset of infants which were born and

had MRI scans acquired at term, which I describe as the “Term infant” dataset.

The second was a dataset of infants who were born premature and had scans

acquired (a) during the premature period; (b) at term-equivalent age. This second

dataset I describe as the “Premature infant” dataset, and the two sub-groups as

(a) “Premature infants at prem.” and (b) “Premature infants at TEA”, referring

to the PMA when the MRI scans were acquired. The PMA distributions of each

dataset are shown in Figure 4.2a. Table 4.1 provides an overview of key demographic

variables for each of the dHCP datasets and premature sub-groups, as well as the

Oxford dataset used to develop the ML model for comparative ease.
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dHCP
Premature

Infants

dHCP
Term

Infants

Oxford
Dataset

Number of infants 16 46 18

Gestational age (weeks) 31.9
(29.8, 34.4)

40.0
(38.5, 40.7)

38.3
(37.1, 39.1)

Postmenstrual age (weeks)

Prem: 33.4
(31.1, 35.2)
TEA: 40.4
(39.9, 41.3)

40.6
(39.0, 41.3)

38.5
(37.5, 40.2)

Postnatal age (days)

Prem:
9.0 (7.0, 13)

TEA:
58 (50, 75)

4.0 (3.0, 5.0) 2.0 (2.0, 2.8)

Birthweight (grams) 1620
(1254, 2126)

3335
(2639, 3630)

3400
(3008, 3769)

Sex
Male 12 (75%) 25 (54%) 10 (56%)
Female 4 (25%) 21 (46%) 8 (44%)

Mode of delivery
Normal vaginal 4 (25%) 12 (46%) 6 (33%)
Assisted vaginal / forceps 0 (0%) 14 (30%) 5 (28%)
Elective C-section 7 (44%) 7 (15%) 2 (11%)
Emergency C-section 9 (56%) 13 (28%) 5 (28%)

Apgar score
1 minute 7.5 (5, 9) 9 (8, 9) 9 (8, 9.8)
5 minute 9 (8, 9.3) 10 (9, 10) 10 (10, 10)
10 minute 9 (9, 10)* 10 (10, 10)** 10 (10, 10)

Estimated number of
prior painful procedures N/A N/A 6 (4, 13)***

Table 4.1: Demographic variables for selected dHCP datasets compared to the Oxford
dataset. Values presented as median (LQR, UQR), or number (percentage) where
appropriate. Asterisks indicate missing data. * marked unknown for 2 infants, ** marked
as not measured (15) or unknown (13) for 28 infants, *** missing data for 8 infants.
Abbreviations: LQR = lower quartile range, UQR = upper quartile range, N/A = not
available, TEA = term-equivalent age.
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Term Infant Dataset Sample Selection

Infants were included in the Term infant dataset if they had fMRI and dMRI scans

passing dHCP quality control pipelines [155, 366], both scan sessions were completed

fully, acquiring the full number of scan volumes, and the vertex of the cerebral

cortex remained within field of view for at least 95% of each scan. The field of view

assessments were manually completed by Luke Baxter. Where infants may have been

scanned on multiple occasions, only the earliest scan was considered for inclusion.

Infants were included if they had GA of 37 − 42 weeks (inclusive) and PMA at scan

of 37 − 42 weeks (inclusive), meaning that infants were both born and scanned at

term. Infants were only included if PNA at scan was 3 − 7 days (inclusive). Infants

scanned at 0, 1, or 2 days PNA were excluded to reduce confounding variation due

to the presence of maternal hormones in neonates during these first few days of

postnatal life. They were excluded if scanned beyond 7 days PNA to limit effects of

postnatal life experience on the results. Finally, infants were only included if they

had an 18-month follow-up assessment recorded on the database which included

BSID scores. This resulted in the Term infant dataset of n = 46 infants, with one

recording of fMRI, dMRI, and 18-month assessment data each. None of these infants

had presence of neurological condition, including HIE or IVH grade ≥ 2, or sepsis

recorded in the database.

Premature Infant Dataset Sample Selection

Infants were included in the Premature infant dataset if they had two MRI scanning

sessions, once during the premature period (age at scan ≤ 36 weeks) and once at TEA

(age at scan 37 − 42 weeks inclusive). Infants were included if both their fMRI scans,

at each timepoint, passed the dHCP quality control pipeline [155] and each fMRI

scan was completed fully, acquiring the full number of scan volumes. Infants’ dMRI

scans were separately assessed for whether dMRI scans passed the dHCP quality

control pipeline [366] and were completed with the full number of scan volumes, in

order to maximise the number of infants included in this smaller starting pool of
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premature infants. The age criteria for premature infants was GA ≤ 35 weeks with

their first scan at ≤ 36 weeks PMA, in order to differentiate this cohort sufficiently

from the Term infant cohort. PNA of the premature infants’ first scan was also

restricted to < 21 days to limit ex-utero life experience and remove outliers. This is

a much broader restriction than the Term infants since more premature infants need

longer between birth and scanning to ensure the infant is in a stable and healthy

state to be scanned, and to avoid risk. The lowest PNA in the premature cohort

was already 4 days, without placing any lower limit. There were 4 sets of twins

fitting these criteria, twins are arbitrarily labelled as “A” or “B” in the database,

and we removed all “B” infants in the twin pairs. Infants were only included if they

had an 18-month follow-up assessment recorded on the database which included

BSID scores. This resulted in a Premature infant dataset of n = 16 infants with

two scanning sessions each, adequate quality-controlled fMRI data at both sessions,

and one set of 18-month follow-up assessment data each. For dMRI analyses, this

dataset reduces to n = 13 infants who also have adequate quality-controlled dMRI

data for both scanning sessions. None of these infants had presence of neurological

condition, including HIE or IVH grade ≥ 2, or sepsis recorded in the database.

Dataset Comparisons

Before starting any analysis, I checked that the Premature and Term infant datasets

were well age-matched on PMA (Figure 4.2a). The histograms in Figure 4.2

demonstrate that the selected dHCP datasets of Term infants and Premature

infants are well age-matched on PMA for the second scan of Premature infants at

TEA. I also checked that the PMA distributions are comparable for the Oxford and

Term infant datasets, and Oxford and Prem at TEA datasets. Since the dHCP Term

and Prem at TEA datasets are age-matched, I only plot the former comparison for

clarity (Figure 4.2b). The Oxford sample included infants between 35 − 37 weeks,

which is a lower cut-off than term age, and therefore the term-scan dHCP datasets

have higher average PMA. Demonstrating that the dHCP datasets are well-matched

on PMA between the Term infants and Prem infants for their second scan at TEA
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(a) (b)

Figure 4.2: Density plot of demographics for dHCP datasets. (a) Each dHCP dataset
PMA distribution demonstrating PMA-matching between Term infant and Prem infant at
TEA groups. Term infants have PMA range 37.4 − 42.0 weeks (mean = 40.2 weeks), Prem
infants at prem have PMA range 29.9 − 35.9 weeks (mean = 33.1 weeks), and Prem infants
at TEA have PMA range 38.4 − 41.7 weeks (mean = 40.4 weeks). (b) How the Term dHCP
infant dataset’s PMA distribution compares to the Oxford training dataset. The Oxford
infants have PMA range 35.9 − 41.7 weeks (mean = 38.7 weeks). Abbreviations: PMA =
postmenstrual age, Prem = premature; TEA = term-equivalent age.

means that comparisons between these groups should reflect effects of prematurity

without other age-related confounds. Table 4.1 also enables comparison of key

demographic data for each dataset.

4.2.2 Neurodevelopmental Assessment
4.2.2.1 Bayley Scores of Infant Development Version III (BSID-III)

Bayley Scores of Infant Development version III (BSID-III) at a follow-up assessment

at approximately 18 months corrected age were recorded for 364/464 (78%) of the

unique infants with fMRI recordings passing quality control in the second dHCP data

release. For the infants we planned to study, the BSID-III data availability is 46/52

(88%) of available Term infants and 16/19 (84%) of available Premature infants

within our other data inclusion criteria, including quality-control and demographic

constraints.

The BSID-III scores include three different composite metrics: assessments of

Cognitive, Language, and Motor development [367]. There are two more scores

called the “Social-Emotional” and “Adaptive” behaviour scales, but these are

often not studied as they rely on the report of a parent or caregiver rather than
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direct assessment by a health professional [368]. The dHCP did not measure

these scores. Each of the Composite Cognitive, Language and Motor scores

are intended to be standardised such that the population mean is 100 with a

standard deviation of 15 [369]. Normal or delayed development is assessed by

score bounds in these categories, although there are inconsistencies in the literature

about which are the best cut-offs to use to determine the presence and severity

of developmental delay [370–374]. For example, Lin et al. use < 70 for severe

delay, 70 − 79 for moderate delay, 80 − 89 as borderline, and > 90 for normal

development [373]. Whereas Johnson et al. report that both BSID-III cognitive

and language scores < 85 provides 99% agreement of ‘moderate to severe’ delay

compared to the typical BSID-II Mental Development Index (MDI) cut-off of < 70,

but still underestimates delay by 1.1% [371]. Appropriate cut-offs may also differ

for the three different assessments [374], or using a combined measure of scores may

be more appropriate [371].

This makes it more difficult to analyse BSID-III data than the previous version,

BSID-II, which had clear accepted cut-offs which indicated neurodevelopmental

impairment (MDI < 70) [368], although some researchers suggest that it is unclear

whether BSID-III overestimate infant development or BSID-II underestimated

development [372]. Evidence suggests the former is true [370, 375], especially when

compared to the lack of detection and prediction of impairment, clinically assessed at

4 years, in preterm infants using BSID-III assessments [376, 377], as well as BSID-III

giving higher developmental scores than expected even in term infants [372]. Research

repeatedly suggests that using BSID-III alone is unreliable for predicting impairment,

and may lead to missed diagnoses and lack of intervention for infants at risk of

developmental impairment in later life [378]. This is a problem for research, but

also for medical care, where vulnerable infants may miss out on necessary resources

if governments and agencies rely on absolute scores to decide who is eligible for

support [370]. However, BSID-II has its own issues, including incorporating different

assessments based on age, and an assessors ability to select which item sets to use

as criteria based on their subjective impressions of an infant’s functional abilities,
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leading to inconsistencies across sites and the opportunity to under or overestimate

development based on the selected test criteria [368]. The adjustments in BSID-III

were designed to remove these inconsistencies and room for subjective biases in the

previous version, and aimed to be more representative of a normative population by

including infants with known risk conditions such as Cerebral Palsy and prematurity

which were excluded from BSID-I and -II. Therefore, it could be the case that as well

as BSID-III overestimating development, BSID-II underestimates development, due

to the different populations included in their standardisation process, and different

issues with their design and implementation [368]. A fourth edition of the Bayley

assessments are currently under development, and will hopefully correct the known

issues with BSID-III [368].

In my analyses of the dHCP data, I will only investigate linear correlations

with BSID-III scores at 18-month follow-up, rather than attempting to classify

developmental delay with cut-offs, given the inconsistency of cut-offs suggested in

the literature. Additionally, given the potential bias and insensitivity in infant BSID-

III measures in predicting motor and cognitive impairments in preterm cohorts [376,

377], I will only investigate trends, since absolute BSID-III metrics may overestimate

development.

4.2.3 MRI Data

There are structural MRI, rs-fMRI and dMRI scans available for dHCP infants.

There are no stim-fMRI scans acquired in the dHCP. In the following, I analysed

fMRI and dMRI data. MRI data were collected on a Philips Achieva 3T scanner

with a neonatal sized 32 channel receive coil. Detailed protocols for fMRI and dMRI

image acquisition are described in their respective QC pipeline publications [155,

366].

4.2.4 Statistical Tests

Different tests were used to determine significant effects, which are described in

their relevant sections. Due to the number of exploratory analyses undertaken
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here, it was appropriate to adjust for multiple comparisons. Correction for multiple

comparisons followed adjusted Bonferroni correction, where the effective number of

tests are calculated using the correlation between measures, and the standard p value

threshold for significance (p < 0.05) is reduced by dividing by this effective number

of tests, Me [379]. For ease of comparison I actually present calculated p values

multiplied by the Me, and continue to use the cut-off of p < 0.05 for these multiplied

p. For clarity, I will state in the text when corrections for multiple comparisons have

been used and the method followed.

For the RSN analysis, the effective number of tests was calculated from correlation

between each RSN amplitude and the group mean amplitude (n = 10 total) for each

group, and the maximum Me was chosen for the multiple comparisons correction.

The calculated Me following Li et al. [379] were 4.61, 3.86 and 4.00 for the premature

infants at prem, at term, and term infants respectively. I used the maximum

Me = 4.6 to be conservative, and multiplied this by 2, since there are two t-tests

comparing different groups for each RSN, giving a final Me = 9.2 to correct for.

This means significance limits are adjusted by a factor of 9.2.

For the WM tract analysis, we similarly calculate the effective number of tests

starting with individual MD and FA for each tract as well as mean MD and FA across

tracts. This is a starting number of n = 12 tests. The calculated Me were 3.56, 4.00

and 4.25 for the premature infants at prem, at term, and term infants respectively.

We used the maximum Me = 4.25 to be conservative, and multiplied this by 2, since

there are two t-tests comparing different groups for each tract comparison, giving a

final Me = 8.5 to correct for. This means significance limits are adjusted by a factor

of 8.5.

For the PCs of the RSNs, of which there are n = 7, we also separately calculate

the effective number of tests. The calculated Me were 4.64, 4.43 and 5.10 for the

premature infants at prem, at term, and term infants respectively. We used the

maximum Me = 5.10 to be conservative, and multiplied this by 2, since there are
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two t-tests comparing different groups for each PC, giving a final Me = 9.2 to correct

for. This means significance limits are adjusted by a factor of 9.2.

4.3 Results

4.3.1 Predicted Noxious-Evoked Response Magnitudes are
Different Between Infant Groups

Predicted noxious-evoked responses were significantly higher in the premature infants

from the scan at term-equivalent age than the same infants scanned within the

premature period (paired t-test, t = 3.6, p = 0.002); see Figure 4.3. Predicted

noxious-evoked responses were also significantly higher in premature infants scanned

at TEA than their PMA-matched term-born counterparts (independent-samples

two-sided t-test, t = 2.2, p = 0.03). According to a general interpretation of our

hypothesis of brain maturation, which posits that features of brain maturation

are positively correlated with noxious-evoked brain activity, given that the median

noxious-evoked responses for premature infants studied at prem is the smallest, the

median for term-born infants is intermediate, and median for premature infants at

TEA is the greatest (Figure 4.3), then under the maturation hypothesis this would

be interpreted as the premature infants at prem being the least functionally mature,

the term-born infants being intermediate in functional maturity, and the premature

infants at TEA being most functionally mature. Following the brain maturation

hypothesis, increased noxious response in premature infants at TEA compared to

the same infants scanned during the premature period is expected, due to increased

maturation of their brain with increasing age. Furthermore, the greater predicted

noxious-evoked responses for premature infants at TEA compared to age-matched

term-borns would suggest that the premature infants have greater brain maturation

at TEA than their term-born counterparts.

It is also notable that for premature infants, there is a significant trend for pre-

dicted noxious responses to increase with PMA using repeated measures correlation

(Rrm) for the combined premature group [380, 381] (Rrm = 0.71, 95% CI: 0.55−0.85,
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Figure 4.3: Predicted noxious-evoked responses. Top: predicted responses categorised
by group, significant difference between groups are indicated by asterisks (* p < 0.05;
** p ≤ 0.01). A paired t-test between Prem infants at TEA and Prem infants at prem
scan gives t = 3.6, p = 0.002. An independent-samples two-sided t-test between Prem
infants at TEA and Term infants gives t = 2.2, p = 0.03. Bottom: how predicted noxious
responses change over PMA within each group. For premature infants, predicted noxious
responses significantly increase with PMA using repeated measures correlation (Rrm)
for the combined premature group (Rrm = 0.71, 95% CI: 0.55 − 0.85, p = 0.001) whilst
this trend is weaker and non-significant in the term-born infants (Pearson R = 0.10,
95% CI: − 0.25 − 0.48, p = 0.5). Abbreviations: PMA = postmenstrual age, Prem =
premature; TEA = term-equivalent age.

p = 0.001) whilst this trend is weaker and non-significant in the term-born sample

(Pearson R = 0.10, 95% CI: −0.25−0.48, p = 0.5), as shown in Figure 4.3. Confidence

intervals are calculated using bootstrap resampling, with 1000 resamples of 20 random

samples without replacement from each group. Using the same bootstrap resampling

parameters to calculate CIs for the difference between correlations of predicted

noxious response with age in each group, these correlations are significantly different

from each other (95% CI for correlation difference between groups is 0.22 − 0.98).
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4.3.2 Investigating Differences in MRI Metrics of Brain De-
velopment Underlying Differences in Predicted Noxious-
Evoked Responses

The following results explore differences in measures of brain function and structure

between these infant groups, how that relates to observed differences in predicted

noxious-evoked responses between the infant groups, and whether these features

of functional and structural brain maturation may drive observed differences in

predicted noxious-evoked responses between the infant groups.

4.3.2.1 Differences in Resting State Network Amplitudes Between Infant
Groups

Figure 4.4 displays comparisons of RSN amplitudes for each of the nine networks

included in the ML model, as well as a group-mean RSN amplitude comparison. It

is evident that trends in overall RSN activity do not match the trends in predicted

noxious-evoked response, since RSN amplitudes increase from premature infants at

prem., to premature infants at TEA, to term-born infants. These differences are not

significant across all networks, when corrected for multiple comparisons, although

this is a strong and significant effect in the group mean RSN amplitude (paired

t-test for prems at TEA vs prems at prem: t = 6.6, p = 8 × 10−5; independent

t-test for prems at TEA vs term-borns: t = 3.0, p = 0.03, corrected for multiple

comparisons with effective number of tests Me = 9.2). Some significant differences in

RSN amplitudes are observed between groups in both visual and both somatomotor

networks, as well as the executive control network. These trends of increasing

RSN amplitudes across infant groups, from prematurity to term, follow expected

trends of brain maturation, since increased functional activity is coupled with

neurodevelopment which is reflected in greater RSN amplitudes. Differences in

functional network activity between groups reflect the trajectory of typical brain

maturation, since premature infants’ brains are generally less developed than brains

of healthy term infants of the same PMA. However, this does not match the pattern of

differences between infant groups’ noxious-evoked activity predicted from these RSNs.

This indicates more complex relationships at play between RSN development and
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(a) (b)

Figure 4.4: (a) RSN amplitudes for each infant group (a) for each RSN; (b) mean across
all RSNs. Asterisks indicate significant difference between groups with correction for
multiple comparisons using effective number of tests, Me = 9.2 (* p < 0.05, ** p ≤ 0.01,
*** p ≤ 0.001; **** p ≤ 0.0001). For the group mean RSN amplitudes, a paired t-test
between Prem infants at TEA and Prem infants at prem scan gives t = 6.6, p = 8 × 10−5.
An independent-samples two-sided t-test between Prem infants at TEA and Term infants
gives t = 3.0, p = 0.03. Abbreviations: prem = premature, RSN = resting-state network;
TEA = term-equivalent age.

predicted noxious-evoked activity, which I explore in Section 4.3.2.3, by examining

the Principal Components of the RSNs which form the predictors in the ML model.

4.3.2.2 Differences in Structural Brain Development Between Infant
Groups

Differences in RSN amplitudes themselves did not match patterns of predicted

noxious-evoked activity between infant groups, therefore I proceeded to assess

the patterns of microstructural brain development to determine whether these

predictions are more clearly related to underlying brain structure. The measures of

microstructural development used are FA and MD in the five pain-relevant tracts

identified to be significantly correlated with noxious-response in the original work by

Baxter et al. [231]. In Figure 4.5 results are presented both for individual WM tracts,

as well as group means for MD and FA across these five tracts. These results mirror
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(a) (b)

(c)

Figure 4.5: (a) Individual tract MD (left) and FA (right) for each infant group; (b)
Mean MD across these five tracts for each infant group; (c) Mean FA across these five
tracts for each infant group. Asterisks indicate significant difference between groups with
correction for multiple comparisons using effective number of tests, Me = 8.5 (* p < 0.05,
** p ≤ 0.01, *** p ≤ 0.001; **** p ≤ 0.0001) For the group mean amplitudes, a paired t-test
between Prem infants at TEA and Prem infants at prem scan for mean MD gives t = 7.5,
p = 6 × 10−5, and for mean FA gives t = 6.2, p = 4 × 10−4. An independent-samples
two-sided t-test between Prem infants at TEA and Term infants for mean MD gives t = 3.8,
p = 0.003, and for mean FA gives t = 5.0, p = 5 × 10−5. Abbreviations: FA = fractional
anisotropy, MD = mean diffusivity, prem = premature; TEA = term-equivalent age.

the observation in Section 4.3.2.1 where underlying measures of brain structure

reflect expected brain maturation trajectories from prematurity to term, but do

not share the pattern of predicted noxious-evoked responses across infant groups.

As previously described, MD decreases with age, whilst FA increases with age, in

healthy infants. In these data, in general for the individual tracts, and for the group

mean, MD decreases with increasing maturity from premature infants at prem, to at

TEA, to term-born infants. Similarly, FA increases for individual tracts in general,

as well as for the group mean across tracts, from premature infants at prem, to at

TEA, to term-born infants.
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4.3.2.3 Principal Components of RSN Amplitudes Reflect Group Differ-
ences in Predicted Noxious-Evoked Response

The ML model used Principal Components of the RSN amplitudes as predictors.

Therefore, I assessed these to better understand the source of predicted differences

in noxious-evoked response. Indeed, the pattern of some PCs reflects the pattern

of predicted noxious-evoked activity between groups (Figure 4.6). This is the case

for the mean PC values for first, third, fourth and seventh PCs. As with predicted

noxious-evoked responses, the mean PC values for the first, third, fourth and seventh

PCs are lowest in premature infants studied in prematurity, but highest in premature

infants studied at TEA, with term-born infants at term intermediate between them.

After correction for multiple comparisons, only differences in PC values for the first

PC are significant (Figure 4.6). Investigating the underlying causes of the patterns

observed in PC differences is complex, since different RSNs contribute to each PC

with different magnitude and sign (positive or negative). For example, the first PC

comprises majority weights of the ANl, ECN and SMN2 networks, with all RSNs

weighted with the same sign. Whilst the third PC comprises majority absolute

weights of ANr, SMN2, ECN and VNop. but the ANr and SMN2 are positively

weighted whilst the ECN and VNop are negatively weighted. The first PC is the

only PC where all RSNs are included with the same sign, whereas all other PCs

combine a mixture of positively and negatively weighted RSNs. This suggests that it

is not overall RSN activity which drives differences in noxious-evoked response, but

differentiation between the relative strengths of different RSNs. The development

of premature infant functional networks must diverge from term-born infants such

that functional activity in different RSNs does not develop in premature infants

with the same trajectory as for term-born infants. The differences in premature

and term-born infant PCs may be explained by relative functional acceleration or

arrest of select functional networks in premature infants as a result of their increased

extrauterine exposure.
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Figure 4.6: ML model-weighted Principal Components of Resting State Network
amplitudes which comprise the model predictors for noxious-evoked responses. Asterisks
indicate significant difference between groups with correction for multiple comparisons
using effective number of tests, Me = 9.2 (* p < 0.05, ** p ≤ 0.01). The only significant
differences between groups are values of the first principal component, PC1. A paired
t-test between PC1 values for Prem infants at TEA and Prem infants at prem scan gives
t = 5.0, p = 0.001. An independent-samples two-sided t-test not assuming equal variance
between PC1 values for Prem infants at TEA and Term infants gives t = 3.1, p = 0.03.
Abbreviations: prem = premature; TEA = term-equivalent age.

4.3.3 Results of Infant Neurodevelopmental Follow-up As-
sessments

In the following sections I explore how predictions of noxious-evoked response and

brain function and structure near birth relate to BSID-III scores at approximately

18-month follow up. For premature infants, the follow-up is intended to be at

approximately 18-months corrected age, which is calculated by subtracting the

difference between the infant’s GA and typical term GA (40 weeks) from the infant’s
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total PMA. This is in an effort to partially counter the overestimated development of

premature infants assessed by BSID-III as reported in the literature [368]. Although

dHCP data is stated as being at 18-month follow up, for the premature infant

group the true follow-up age range is 17.6 − 20.5 months corrected age (mean =

18.4 months corrected age), and for the term infant group the follow-up age range

is 17.6 − 22.0 months (mean = 18.8 months). Where I compare to metrics derived

from MRI scans, for premature infants I use the scan taken near birth (scan

1, PNA < 21 days) and compare to term infant scans, which were near birth

(PNA < 7 days). Therefore, I am comparing follow-up outcomes to brain function

and structure measurements taken with minimal ex-utero experience in these infant

groups.

4.3.3.1 Infant BSID-III Outcomes and Age at Birth

Cognitive and motor composite BSID-III are positively correlated with GA in

premature infants, whilst there is no positive trend between any BSID-III scores

and GA in term-born infants (Figure 4.7). This suggests that degree of prematurity

affects neurodevelopmental outcomes even at 18-months corrected age, but that

term-infant development is more affected by other factors than age at birth. Pearson

correlation between cognitive scores and GA in premature infants is R = 0.52

(uncorrected p = 0.04), and between motor scores and GA in premature infants is

R = 0.58 (uncorrected p = 0.02). Since GA is correlated with BSID-III in premature

infants, and age-relationships may bias any associations with other measures such

as RSN amplitudes which have known relationships with age, I regressed GA out of

the BSID-III scores before testing associations between measures of brain function

and structure and BSID-III outcomes in the following sections.

4.3.3.2 Infant BSID-III Outcomes and Functional Brain Activity

I explored whether neurodevelopmental outcomes at 18 month follow-up, assessed

by BSID-III scores, correlate with functional brain activity near-birth (premature

PNA < 21 days; term PNA < 7 days). I first investigated relationships between

predicted noxious-evoked activity and BSID-III scores. The motivation for testing
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Figure 4.7: Pearson correlation between GA and BSID-III scores for premature-born and
term-born infants. Pearson correlation between Cognitive scores and GA in premature
infants is R = 0.52 (uncorrected p = 0.04), and between Motor scores and GA in premature
infants is R = 0.58 (uncorrected p = 0.02). However, for Language scores and GA in
premature infants, Pearson R = 0.24; uncorrected p > 0.3, and for all term infant
associations, Pearson R < 0.1; uncorrected p > 0.5. Abbreviations: BSID-III = Bayley
Scores of Infant Development version III, GA = gestational age; RSN = resting-state
network.

correlation with predicted noxious-evoked activity was to see whether increased

pain sensitivity (higher predicted noxious-evoked activity) might be reflected in

adverse neurodevelopmental outcomes, in a similar vein to higher pain exposure

in neonates leading to adverse neurodevelopmental outcomes at 8 and 18 month

follow-up [55]. However, I did not find a strong association between predicted noxious

responses and BSID-III outcomes in either term or premature infants (Figure 4.8a).

I also investigated whether BSID-III outcomes were directly correlated with mean

RSN activity near birth in these infant groups (Figure 4.8b). In this case, motor

development was strongly correlated with mean RSN activity in premature infants

from their premature-age scan (Pearson R = 0.76, uncorrected p = 0.0006), but not

term infants. There were no significant relationships between mean RSN amplitudes

and cognitive or language development in premature or term infants.

Only observing a relationship with motor development does not necessarily

rule out interactions with cognitive or language development. Relationships with

motor outcomes at 18 months are more likely to be discovered, since impaired

motor development is clearer from an earlier age, whilst impairments in language

and cognitive development may not be noticeable until assessments at 4-years or

more [363]. These results suggest that impaired development is related to RSN
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(a)

(b)

Figure 4.8: (a) Predicted Noxious Response and (b) RSNs and Bayley Scores of Infant
Development in Premature and Term dHCP Infants. Pearson correlation between Motor
scores and mean RSN amplitude in premature infants is R = 0.76 (uncorrected p = 0.0006).
All other associations are non-significant between mean RSN amplitude and BSID-III scores
(premature infants: Pearson R = 0.2−0.4, uncorrected p = 0.2−0.5; term infants: Pearson
R = 0.05 − 0.09, uncorrected p = 0.5 − 0.7). All associations are non-significant between
predicted noxious response and BSID-III scores (premature infants: Pearson R = 0.2 − 0.4,
uncorrected p = 0.08 − 0.4; term infants: all Pearson R = 0.1, uncorrected p = 0.4 − 0.5).
Abbreviations: BSID-III = Bayley Scores of Infant Development version III; RSN = resting-
state network.

activity near birth in premature infants, after age-regression of BSID-III scores, and

therefore measurements of functional brain activity may be capable of identifying

at-risk infants requiring interventions to assist their development from an early

age. However, our RSN-derived noxious response predictions are not correlated

with development at 18 months, and do not appear to be an appropriate indicator

for risk for neurodevelopmental impairment. We are missing potentially useful

information which could help to explore and understand this further, such as the

interaction between predicted noxious response, actual pain exposure (number

of painful procedures) in early life, and neurodevelopmental outcomes. Without

quantitative information on pain exposure in infancy for the dHCP cohorts, we
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cannot test the effect that higher predicted pain sensitivity along with higher pain

exposure, compared to equal pain exposure for a less pain-sensitive individual, may

have on adverse development.

4.3.3.3 Infant BSID-III Outcomes and Structural Brain Development

I also explored whether we observe correlations between BSID-III outcomes at

18 month follow-up and the measures of structural brain development in pain-

associated tracts from scans near birth (premature PNA < 21 days; term PNA < 7 days).

In this case, there are no clear trends for mean MD or mean FA across the five tracts

and any BSID-III scores in either premature or term infant cohorts (Figure 4.9).

(a)

(b)

Figure 4.9: (a) Mean MD and (b) Mean FA across 5 white matter tracts and Bayley Scores
of Infant Development in Premature and Term dHCP Infants. No Pearson correlations
are significant for any BSID-III score associations with MD or FA (all Pearson R ≤ 0.2,
uncorrected p = 0.2−1.0). Abbreviations: BSID-III = Bayley Scores of Infant Development
version III, FA = fractional anisotropy, GA = gestational age; MD = mean diffusivity.
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4.4 Discussion

In this Chapter, I found that predicted noxious-evoked response of premature infants

studied in prematurity is lower than those of term-born infants at term, but when

premature infants are studied at TEA their predicted noxious-evoked responses

are greater than those of term-born infants at term. I also showed that predicted

noxious-evoked response was positively-correlated with PMA in the premature-born

infant cohort. According to the brain maturation hypothesis, these predictions would

suggest that the premature infants at prem are the least functionally mature, the

term-born infants are intermediate in functional maturity, and the premature infants

at TEA are the most functionally mature. The analysis of MRI metrics of functional

and structural brain maturity showed that the term-born infants had the greatest

overall brain maturity, followed by premature-born infants at TEA with intermediate

overall brain maturity, and premature-born infants during the premature period had

the least functionally and structurally mature brains. Investigation of relationships

between brain structure, function, and predicted noxious-evoked responses assessed

near-birth and results of neurodevelopmental follow-up assessments at 18-months in

these infants revealed limited associations. The only significant association was a

positive correlation between RSN activity measured in premature infants during the

premature period and motor development assessed at 18 months. Gestational age

was found to be an important factor for neurodevelopmental outcomes in premature

infants, as both motor and cognitive development at 18 months were positively

associated with gestational age in the premature infant cohort. Gestational age

was not significantly correlated with any neurodevelopmental outcomes in term-

born infants, suggesting that it is the degree of prematurity which is important for

long-term outcomes.

Premature infants’ brains are generally less mature than brains of healthy

term infants of the same postmenstrual age, when considering metrics of overall

brain development, as reproduced in these data. However, there is evidence for

functional acceleration of specific brain regions in premature infants, which could
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explain the fact that premature infants at TEA have greater predicted noxious-

evoked responses than age-matched term-borns despite mismatch with the opposite

differences in overall brain maturity, without refuting the brain maturation hypothesis

for nociceptive sensitivity. Increased noxious-evoked responses could relate to

accelerated development of pain-related brain networks in premature infants by

term-equivalent age, rather than depending on overall brain maturation. For example,

these results could link with literature findings that greater pain exposure leads to

increased pain sensitivity and functional-acceleration of brain networks with greater

exposure in the extrauterine environment, such as visual and auditory stimuli,

in premature infants. Greater pain exposure could also produce environmentally-

induced acceleration of the functional maturation of the nociceptive system in infants.

For any particular infant born prematurely, necessitating routine hospital stays and

examinations, the longer the extrauterine period the more pain exposure they will

have had, due to routine blood tests or other painful clinical procedures during their

time in the neonatal care unit. The predictions suggest that whilst a general brain

maturation hypothesis may be supported within healthy term-born samples, as

demonstrated in Baxter et al. [231], this hypothesis may need to incorporate nuance

for accelerated functional development in the case of premature infants. Accelerated

development of the nociceptive system could be due to greater pain exposure of the

premature infants, and differences in how premature infant brains develop ex-utero

compared to the in-utero term-born infant brain development.

4.4.1 The Brain Maturation Hypothesis in the Context of
Prematurity

Three expectations were outlined for the preterm and term infant dHCP data

(Section 4.1.3), which led on from the brain maturation hypothesis proposed from

results seen in Baxter et al. [231]. These expectations were (1) that premature

infants’ predicted noxious-evoked responses would be greater at TEA than during the

preterm period, since the premature infants’ brains will have matured significantly

with increasing PMA from the early premature period to TEA; (2) that there
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will be a difference in predicted noxious-evoked responses between term-born and

premature-born infants at TEA, owing to differences in brain maturation, since

pre-term birth is associated with altered brain development driven by differences in

the uterine and extrauterine environments, pre-term care and other biological and

environmental factors [350, 364, 365]. (3) Following results in Baxter et al., we also

expected that differences observed in predicted noxious-evoked response between

groups would be positively correlated with metrics of greater brain maturation, in

particular the group RSN activity and the structural development of five WM tracts,

identified as significant in Baxter et al., measured with MD and FA.

The third hypothesis was based on the original results which only comprised a

peri-term and term cohort, and therefore the identified metrics in that cohort may be

more descriptive of overall development in brain maturation which are most relevant

to term born infants. However, premature infants can display specific accelerated

functional maturation compared to that of age-matched term-born infants, and

the nuance of functionally-accelerated differences may not have factored into the

variation within the original healthy term cohort. Therefore, whilst we found that (1)

and (2) held true, and (3) was not supported, this does not discount the significance

of an interaction between brain maturation and infant pain sensitivity. Rather, this

could suggest that the acceleration of development of specific functional networks

are more important to the infant noxious-evoked response than the assessments

of general brain maturation and the WM tract metrics considered in this study.

Therefore, a brain maturation hypothesis should not be discounted, but should be

adapted to include nuance towards potential functionally-accelerated development of

specific networks involved in noxious response, rather than overall brain development.

Despite the fact that the five WM tract relationships were identified in a specific

noxious-evoked response study in term neonates, an additional study of more specific

metrics of development of the pain network which can assess functionally-specific

development in premature infants needs to be planned and conducted.
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Accelerated functional brain development has been observed during prematurity

with regards to stimuli which are provided with greater exposure to the infant in the

extrauterine environment, such as the accelerated development of the brain’s visual

and auditory or language processing networks in premature infants [348, 349, 382,

383]. In particular, the development of the visual network and effects of prematurity

have been studied extensively in humans and animal models. In infant EEG studies,

prematurity has been shown to accelerate the development of binocular vision which

develops at approximately 4 months after birth in both premature and full-term

infants [349], demonstrating that onset of binocular function is dependent on PNA,

rather than GA. Thus, aspects of visual network development, and binocular vision,

are experience-dependent processes influenced by extrauterine sensory stimulation,

rather than pre-programmed processes independent of external stimuli. Complemen-

tary EEG research studying visual evoked potentials (VEPs) [348], and Jando et

al.’s own binocular vision study [349], have nevertheless shown that the myelination

of the visual pathway is pre-programmed, and is dependent on total PMA rather

than PNA [348, 349]. Yet, morphological changes of the VEPs in premature infants

also represent accelerated development compared to age-matched infants with less

extrauterine experience [348]. Therefore, functional visual development is accelerated

in premature infants despite the fact that structural development to improve efficiency

of signal transmission, evidenced through myelination and cell maturation of the

visual pathways, is not similarly accelerated by prematurity [349]. Additionally,

studies of auditory function have demonstrated accelerated development of premature

infants’ language processing using NIRS [383] and cortical auditory evoked potentials

using EEG [382]. Nishida et al. used NIRS to compare brain activity in response to

an audio recording of a fairy tale in eight extremely premature infants at TEA to ten

newborn full-term infants to assess language recognition and processing [383]. They

found that PNA was more important for explaining development of neurovascular

coupling and auditory system development than PMA, as latency of response to

the verbal stimulation was significantly shorter in preterm infants compared to

the term infant cohort [383]. Similarly, Cavalcanti et al. studied peak latencies of
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EEG auditory evoked potentials to speech stimuli in late preterms, at 1-3 months

corrected age, compared to age-matched terms [382]. They found that peak latency

was shorter in preterms at 3 months corrected age compared to terms, suggesting

accelerated development of auditory cortical pathways in preterms, likely due to

their increased exposure to speech stimuli in the extrauterine environment.

By comparison to increased exposure to auditory and visual stimuli in the

extrauterine environment, premature infants also undergo a large number of presumed

painful procedures during hospital stays over the premature period, including regular

routine blood tests, intubation, and retinopathy of prematurity examinations [42].

EEG studies of noxious-evoked response also suggest that premature infants may

display accelerated development of cortical noxious response [228, 297]. Research

has explored the interaction between premature infants’ greater exposure to pain

and stress in early life, and infants’ altered responses to gentle non-noxious tactile

stimuli [214], and abnormal brain development [384]. A thorough and interesting

study from Maitre et al. in 2017 explored how early-life exposure to pain and stress

impacts infants’ processing of non-painful gentle touch [214]. This EEG study has

the benefit of being a large cohort study, including over 100 infants, which is rare in

neonatal and infant research due to aforementioned challenges with recruitment and

ethics. They measured the tactile-evoked responses of preterm and full-term infants

to a gentle air-puff stimulus, and a sham control, prior to discharge from hospital.

Not only did they investigate the effects of prematurity, but also the interaction of

analgesics, positive supportive experiences including breastfeeding and skin-to-skin

care, and painful experiences such as skin punctures and intubations, on tactile

processing. They presented several key findings. Firstly, that tactile-evoked response

amplitudes were significantly lower amplitude in ex-premature infants compared to

full-term infants, and there were topographic differences in the tactile-evoked activity.

Secondly, that supportive tactile experiences were significantly associated with

greater tactile-evoked response amplitudes, when controlling for prematurity (GA and

PNA) and analgesics. Thirdly, that prior nociceptive experiences demonstrated the

opposite interaction, as cumulative nociceptive exposure was significantly associated
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with decreased tactile-evoked response amplitudes, when controlling for prematurity

(GA and PNA) and analgesics. This study shows the importance of early-life

exposure to both supportive tactile and negative noxious sensory inputs, which

can impact development of tactile processing. Premature infants are particularly

vulnerable to the consequences of early-life painful experience, and infants in this

study had a median of 32 (10 - 103) painful procedures between birth and time

of EEG recording, which was measured shortly before their discharge from the

NICU. The opposing effects of supportive touch and procedural pain demonstrate

the complex multisensory extrauterine environment, and the necessity of recording

all these variables to be able to accurately ascertain the consequences of prematurity

and the impact of environmental factors on somatosensory development.

A recent holistic multisensory study by Schmidt Mellado and colleagues demon-

strated accelerated development in premature infants’ responses to tactile, noxious

and visual stimuli, using EEG [228]. They conducted a longitudinal study of very

preterm infants through to term-equivalent age, and found that EEG measures

of visual and noxious-evoked response magnitudes increased whilst tactile-evoked

response magnitudes decreased with PMA, reflecting developmental maturation.

Tactile response magnitudes decreasing with age aligns with typical maturation in

infants [228]. Additionally, greater visual and reduced tactile response magnitudes

were observed in these very preterm infants compared to age-matched late preterm

infants and compared to average term infants, suggesting that greater extrauterine

exposure has a significant impact on accelerating development of the visual and

tactile functional networks. Whilst Schmidt Mellado et al. did not find that noxious-

evoked response magnitudes were significantly increased in very preterm infants

compared to age-matched late preterm infants, they explain that their very preterm

infant cohort were unusually healthy with a low burden of pain exposure, which

perhaps explains the lack of difference observed in their study compared to other

studies observing an effect of prematurity on noxious sensitivity [297]. We need

to conduct additional studies of noxious-evoked brain activity which explore the

effects of prior pain exposure, stress, and other factors which may influence the
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maturation and development of pain networks as well as prematurity, gestational

and postmenstrual age. A combination of EEG and MRI studies would be most

informative. EEG is straightforward to perform cotside during clinically-required

procedures such as heel lances, as well as at rest and under experimental conditions.

Whilst MRI studies cannot be performed during clinical procedures and necessitates

careful transport of infants off the NICU to the MRI scanner, MRI data is able to

provide higher-dimensional spatial information of resting-state brain activity and

experimental noxious-evoked brain activity.

There are also noteworthy MRI studies demonstrating accelerated functional

development in preterm infants. One large cohort study of almost 300 term and

preterm infants with MRI scans recorded at TEA investigated the effects of preterm

birth on structural brain development [385]. They found that lower GA was

associated with smaller brain volumes in several regions at TEA, but lower GA was

also associated with several brain regions being larger at TEA [385]. In particular,

lower GA was associated with larger primary motor, visual and somatosensory

cortices, which, although not studied and quantified directly in the study, is likely

to reflect increased cortical development due to increased visual and somatosensory

input and increased physical movement in the extrauterine environment. Eyre

et al. also investigated typical and abnormal development in over 300 term and

preterm infants from the dHCP dataset with MRI scans at TEA [158]. They

measured functional connectivity within RSNs, as a reflection of functional network

maturation. Complementing the previous paper, Eyre et al. found that infants born

prematurely had decreased FC across almost all RSNs, except for finding increased

connectivity within the lateral motor network compared to age-matched term-borns,

an imbalance in motor connectivity which they suggest could be an explanatory factor

for developmental coordination disorders which often occur in preterm children [158].

The lateral motor network concerns movement of the upper limb, hand and face [158];

regions of the body which naturally move more in the less restrictive extrauterine

environment and in response to external input. Other studies have also demonstrated

increases in FC in premature infants in select networks associated with increased
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sensory extrauterine exposure including auditory [386], visual [386, 387], stress/pain

networks [386], and primary sensorimotor brain regions [387, 388], each of which

may lead to disorders and poor outcomes by causing imbalances and developing at

the expense of other key brain regions such as higher-order cognitive networks [158,

388].

Just because stimulus exposure can lead to accelerated functional development in

preterm infants, this does not imply a positive association between the accelerated

development and longer-term health outcomes and quality of life. As explored

earlier in the text, longitudinal studies have shown that overall neurodevelopmental

outcomes in later life are worse throughout childhood, adolescence and adulthood

for those born premature compared to at term, including poorer educational achieve-

ments, increased neurodevelopmental disabilities and psychiatric disorders [350,

370]. More specifically, accelerated functional development in premature infants

may also be linked to worse outcomes in later life. Scherjon et al. showed a

discrepancy between functionally-accelerated maturation of VEPs in premature

infants and cognitive outcomes at 5 year follow-up [389]. They found that early-life

acceleration in visual maturation, represented by lower VEP latencies at 6 months,

was associated with lower IQ and poorer performance in a test of cognitive function,

visual recognition, and fine motor co-ordination at 5 years old [389]. Furthermore,

altered brain development in response to sensory input from cumulative stressors in

intensive care units may have negative consequences [384]. Smith et al. quantified

stressful exposures in hospital settings to preterm infants using the Neonatal Infant

Stressor Scale which counts painful procedures and non-painful stressors such as

nappy change [390], and conducted MRI scans and neurobehavioural assessments

at TEA. They found that greater stress exposure is linked to decreased frontal and

parietal brain width, reduced brain volume, and altered functional connectivity

and diffusivity in the temporal lobes as well as abnormal motor behaviour at TEA.

More recently, Duerden et al. found that greater procedural pain exposure in

preterms in early life is associated with smaller somatosensory thalamus volumes

in infancy and worse functional outcomes at 3 years [80]. A study by Maitre et
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al. suggests that adverse experiences of noxious stimuli could lead to a functional

adaptation of hyposensitivity to reduce the stress of further noxious stimuli, but

which secondarily damages the sensory experience of gentle touch [214]. Although

certain developmental adaptations to the extrauterine environment in infancy may

be initially beneficial to the premature infant for function and survival, disruption

of the typical stages and pathways of brain development may be harmful to later

cognitive function.

Another example of accelerated development to the extent of pathology in

premature infants is increased exposure to oxygen in the extrauterine environment,

which increases the risk of the disorder of retinopathy of prematurity (ROP). ROP

can be caused by this relative excess of oxygen postnatally, since the hyperoxia

promotes increased, atypical, vascularisation of the retina [391], and a degree of

hypoxia is important to balanced and healthy development of vascular network [392].

This disruption to balanced development of the vascular network can lead to retinal

detachment and irreversible vision loss. Fortunately, ROP is straightforward to screen

for and treat in its early stages, but ROP remains a leading cause of preventable

blindness globally, and particularly in low and middle-income countries due to

increased preterm survival rates coupled with inadequate resources and training to

screen and treat ROP [393, 394]. Thus, whilst factors associated with prematurity,

or increased extrauterine exposure, can drive increased vascularisation this is not

fundamentally beneficial, and can be pathological.

Differences were observed between the premature and term infants’ predicted

noxious-evoked responses. One biological explanation for a difference between

premature and term infant noxious-evoked responses stems from the co-development

of neural activity and network vascularisation, and that sensory-related changes in

neural activity can affect the degree of the related networks’ vascularisation. Neural

and vascular networks develop in parallel in the postnatal brain, and research has

observed this phenomenon of mutual development whereby regional neural activity

drives regional vascular growth [392]. Fluctuations in neural activity and oxygen
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supplied by blood flow to areas of the brain influences angiogenesis (the formation

of blood vessels) [392, 395, 396]. Studies in neonatal rodents have investigated how

modulating neural activity, and therefore oxygen supply, through moderate and high-

intensity stimulation affects angiogenesis postnatally [395, 396]. Lacoste et al.’s study

in neonatal mice found that enhancing sensory inputs led to increased vascular density

and branching, whilst multiple methods of decreasing sensory input led to reduced

vascular density and branching of the primary somatosensory cortex [395]. These

results suggest that enhanced sensory stimulation leads to enhanced angiogenesis

in relevant brain regions. This finding is not unique, with multiple complementary

studies demonstrating similar effects. For example, early studies found that rodents

raised in dark environments presented with decreased vascularisation in the visual

cortex [397], and others have demonstrated that spontaneous neural activity is a

driver of functional maturation in both the foetal [398] and postnatal [399] period.

The phenomenon of spontaneous brain activity driving neural development is well-

established and includes studies of multiple animals and humans. For example, Marla

Feller provided a review of correlated spontaneous activity driving development of

the retina, spinal cord, and hippocampus [400]. However, Whiteus et al. found that

extreme stimulation in the early postnatal period in mice impaired vascularisation of

the auditory, motor and sensorimotor networks [396]. Whiteus et al. also found that

the same intensity of stimulation did not affect vascularisation in adult mice, and

thus the infant is particularly sensitive to excessive external stimuli and abnormal

development during the postnatal period due to their greater vascular plasticity [396,

401]. These seemingly contradictory results, that enhanced stimulation can enhance

angiogenesis [395] or arrest it [396] is explained through concentration-dependent

effects of nitric oxide on angiogenesis [287, 396, 402]. Nitric oxide is produced in

response to neural activity, and either acts as pro- or anti-angiogenic depending

on the concentration of nitric oxide and other mediating factors [287]. Therefore,

sensory-evoked neural activity in early life either has the potential to promote network

vascularisation or to prevent a network achieving normal levels of vascularisation.

This could provide one explanation for why premature infants have been observed
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to display both increased and decreased pain responses compared to term-born

counterparts. Since premature infants receive an average of ∼10 painful routine

procedures per day during their hospital stay [42], they will receive far more early-life

noxious stimulation than typical healthy term infants. This noxious stimulation could

therefore promote angiogenesis of the vascular networks involved in noxious input

and pain signalling, leading to relative over-development and increased sensitivity

to noxious input, or, if the stimulation exceeds an unknown threshold, it could

arrest normal development of these networks and lead to under-development of

the networks and decreased sensitivity to noxious input. Unfortunately, the dHCP

dataset does not include data on the number of painful procedures infants receive,

or number of blood tests or other clinical examinations which could be used as a

proxy for prior pain exposure. Therefore, an informative future study would be to

collect MRI data for premature infants as well as data of their clinical examinations

including blood tests, intubation, surgery and other potentially painful procedures.

We could compare MRI data on structural development of networks as well as

resting-state functional brain activity, and predicted noxious-evoked responses, to

their prior pain exposure to determine whether we see an intensity-dependent effect

between pain exposure, brain development, and predicted noxious-evoked responses.

Whilst we have postulated that the differences we see between premature and term

infant predicted noxious-evoked responses may be due to functionally-accelerated

development of the pain network in premature infants, given their greater exposure

to painful events, having the data to link prior pain exposure to noxious-evoked

responses would allow us to test this interpretation. Ideally, whilst we would also

have similar data for term-born infants and their prior pain exposure, term infants

who have a greater number of painful procedures will also have confounding effects

of ill-health to consider, and/or may not be healthy and stable enough for an MRI

scan during the neonatal period.
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4.4.2 Developmental Outcome Measures

With respect to links between developmental outcomes and early-life brain structure

and function, we only found a positive correlation between motor development and

increased RSN activity in premature infants near birth. Research suggests that it is

easier to measure and predict motor outcomes from an early age, where cognitive

and language deficits often become apparent later on [363]. Therefore, it is possible

that we would find interactions between MRI measures from near birth and cognitive

and language assessments completed at 4 or more years of age. However, cognitive

and language functions involve more complex brain networks than motor functions

which rely on few known regions [363]. Cognitive outcomes are also influenced more

by environmental factors such as socioeconomic status, which can hinder or help

early-life development [55, 363].

Lowe et al. did find a significant interaction between cerebral WM volume and

neurodevelopment, assessed by results of an executive function test and BSID-III

composite language scores at 18 − 22 months, for very low birthweight preterms

compared to term controls, however this comparison was made using MRI data also

collected at 18 − 22 months [403]. As Lowe et al. reported, this is a rare study

in that it collects and compares MRI data in preterms and term-born infants at

18 − 22 months old, where other studies have often compared outcomes to MRI data

collected at TEA or otherwise during the neonatal period, as in this research.

4.4.3 Limitations and Future Work

The training and validation of our ML model only included infants of 35.3−41.4 weeks

GA and 35.9 − 41.7 weeks PMA, and this may limit the generalisability of our

interpretations from these results to other age groups, such as the premature cohorts

included in this study. The premature sample I studied here includes infants at

less than 30 weeks GA and PMA. Therefore, the extension of the ML model and

its interpretations with respect to noxious-evoked activity may be a flawed over-

generalisation in this younger sample of premature infants. Arichi et al. demonstrated
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how the HRF, used in fMRI BOLD analyses, evolves postnatally [325]. The HRF

used for these data was based on the typical term infant BOLD response [325], but

as stated this may be inappropriate for the premature infants, and consequently

present an issue for the interpretation of these results. Further work should tailor the

analysis to use the appropriate HRF for different infant postnatal and postmenstrual

ages, and incorporate premature infant measurements into the training dataset of

the ML model.

Comparisons with results from the study presented in Baxter et al. which

identified five nociception-relevant WM tracts may be affected by using different

noxious-evoked response measures. In Baxter et al., results were derived from the

within-Oxford-dataset SRT measure, whereas I chose to use the dataset-independent

NPS template measure in this ML model to quantify noxious-evoked responses.

However, before making this decision, I did check the correlation between noxious-

evoked responses derived from both the SRT and NPS measures in both true and

predicted data, and found strong agreement (Pearson correlations > 0.8). Therefore,

I did not expect large differences in results arising from this decision. I chose to only

use NPS predictions for exploratory comparisons in the dHCP dataset, rather than

both measures, to minimise issues with multiple comparisons.

This study relied on predicted noxious-evoked responses, as a useful resource-

light and ethically-straightforward way to explore and generate new hypotheses.

Different patterns of functional and structural maturation between premature and

term infant groups compared to predicted noxious-evoked responses suggested that

relative strengths of infants’ functional networks, i.e., functional acceleration, may be

more important to nociceptive sensitivity than overall brain maturation. However,

testing whether there is evidence for functional acceleration of networks implicated

in nociceptive processing in premature infants, and structural change associated

with functional acceleration, requires further direct investigation using measured

noxious-evoked activity and measures of brain structure and resting-state function.

Additionally, whilst MRI studies provide high spatial resolution for scientific research
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to improve general understanding of infant neurodevelopment, MRI is not practical

for clinical application. Therefore, translating this research into developing accurate

prediction models of nociceptive sensitivity, or measured nociceptive response, using

continuous EEG recording would be more clinically beneficial. EEG is already used

in neonatal units for monitoring purposes, and could provide additional support for

pain management.

4.5 Chapter Summary

Differences in infant inter-individual pain sensitivity are poorly understood. It is a

difficult balance between under and over-treating pain since both approaches can

cause harm. Mapping traits which underlie differences in pain sensitivity would be

useful for appropriately tailoring pain management strategies to individual infants,

since they are unable to communicate their needs directly. The ML model to predict

noxious-evoked response magnitudes from rs-fMRI, from Chapter 3, was applied to

infant rs-fMRI datasets from the independent large dHCP database in this Chapter.

Using the dHCP data, I explored relationships between predicted noxious-evoked

response and age, brain structure and function, and neurodevelopmental outcomes.

Predicted noxious-evoked responses were significantly higher in premature infants at

TEA than during the premature period, with predicted noxious-evoked responses also

significantly positively correlated with PMA in this group. Predicted noxious-evoked

responses in term-born infants at term were between those of premature infants

at premature and TEA. The trend of predicted noxious-evoked responses between

age groups did not match patterns of RSN amplitude nor WM maturation across

groups. Principal Component Analysis of RSN amplitudes suggests that rather than

general maturation of functional and structural networks, there is a more complex

relationship where relative maturation of functional networks in the brain influence

noxious response. I identified MR evidence for complex developmental trajectories

of pain responses associated with prematurity, revealing potential neurophysiological

correlates. This study relied on predicted noxious-evoked responses, as a useful

resource-light and ethically-straightforward way to explore and generate hypotheses,
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however these findings require further investigation using measured noxious-evoked

activity for direct testing.
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5
Concluding Remarks

Neuroimaging techniques are valuable in the pursuit of understanding neonatal pain

and brain development. These studies require bespoke methodology for neonatal

acquisition and analysis. In this thesis, I have used bespoke approaches, including

age-specific templates of brain structure and functional activity. There are many

challenges with neonatal neuroimaging research, including validation, reproducibility,

required technical knowledge, and improving uptake of neuroimaging methods. I have

addressed some of these issues. In Chapter 2 I demonstrated the reproducibility and

generalisability of an EEG template of infant noxious-evoked activity, which worked

towards establishing this tool as a validated pain measure. I have used modern

best-practice throughout, including pre-registration to avoid bias and increase

transparency. Pre-registration involves open and detailed sharing of methods and

analysis which improves the reproducibility of the research. Whilst the following

chapters appear later in the thesis, chronologically they pre-dated any practical

exploration into pre-registered reports, hence my MRI research did not follow this

same framework. In Chapter 3 I developed a machine-learning pipeline incorporating

best practices in machine-learning methods, to reduce bias in the model and maximise

generalisability. This model used data from resting-state and noxious stimulus-

evoked functional MRI, representing cutting-edge methods in infant pain research.
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In Chapter 4 I applied this validated machine-learning model to predict noxious-

evoked activity from resting-state brain activity in infants from the open dHCP

dataset, and to explore relationships between infants’ predicted noxious-evoked

responses and their demographics and brain maturation.

In this thesis I discussed issues relating to reproducibility in research, with a

particular lack of reproducibility studies in infant neuroimaging research. Infant

studies are usually small sample, due to ethical considerations and difficulties

recruiting and studying the infant population. These shortfalls are intrinsically

linked, since results based on small sample sizes would benefit from reproducibility

research, and yet reproducibility studies are not prioritised in resource-poor settings

where recruitment is difficult. The institutes which enable academic careers and

success do not currently value and support reproducibility studies enough, nor

open science practices which would ultimately lead to greater understanding and

confidence in our results. Statistical confidence in the accuracy of our results, and

the contexts in which they do and do not apply, is particularly important when

decisions based on research evidence can impact the care of vulnerable populations,

such as infants. Fortunately, there is a growing open science movement and the

research landscape is beginning to change, with credit owed to grass-roots initiatives

from passionate researchers to improve the culture of open research and publishing.

Frameworks and systems are now in place to support open science including peer-

reviewed and un-reviewed pre-registration, and data sharing platforms (e.g., OSF

https://osf.io/), and journals are increasingly offering Registered Report options

(e.g., thejointone). However, further work is needed to ensure these frameworks are

well-implemented, understood and valued, by potential authors, peer-reviewers, and

readers, as well as the systems which support academic careers, including conference

organisers and funders. A set of recommendations to the reader, whether they are

a new researcer in infant pain or neuroimaging fields, or have power to influence

publishing and funding institutions, are outlined in Table 5.1.
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To Recommendation Notes
The
Researcher

Open Science,
Transparency and
Reproducibility:

Following open, transparent and repro-
ducible research practices, including the
below

Share Data Sharing data is important, particularly
in fields where we need to be particu-
larly mindful of ethical research, and
where data collection is difficult and
sample sizes are limited. Sharing data
ensures we maximise the appropriate
use of existing data to further knowl-
edge, without wasting our limited re-
sources or causing undue harm. It also
allows us to direct our resources towards
worthwhile research. For example, com-
bining and utilising larger datasets al-
lows exploratory analysis which can help
to identify hypotheses to be tested in
prospective datasets. Projects to pro-
duce open neuroimaging dataset such
as dHCP have enabled a wealth and
diversity of research which would never
have been possible through individual
researchers collecting smaller isolated
datasets independently.

Share Methods To truly advance research and under-
standing, others must be able to follow
and repeat your methods, whether they
intend to reuse them, or to test their
generalisability or reproducibility in new
contexts.

Table continued on next page
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To Recommendation Notes
Share Research
(Early and
Agnostically)

Peer-reviewed pre-registration and
preprints to support well-designed
research, promote and allow publication
of valuable research regardless of
outcomes. Pre-registration may not be
appropriate in every case, but recording
carefully designed analysis plans
which meet statistical requirements
will prevent potential bias, or other
methodological mistakes, and can
encourage sharing of outcomes whether
“positive” or “negative”. Research which
yields null or negative results may
still be valuable; it can prevent others
spending valuable time on known
dead-ends, and highlight cases where
prior hypotheses do not generalise.
Therefore, this research should also be
shared.

Open Access Research should be widely accessible.
Open access promotes transparency
and sharing of knowledge between re-
searchers, fosters wider collaboration
and impact.

Ethics and
Integrity

In the pursuit of research, it is im-
portant not to forget ethical research
practices and research integrity. This
category includes considering and avoid-
ing potential biases, such as statistical
errors in p-hacking, or presenting ex-
ploratory research as a-priori hypothe-
ses.

Institutes,
Funders, or
Journals

Value and Support
Open Science
Practices

Institutions need to value and reward
open science to make the movement sus-
tainable, and to improve the landscape
and culture of research and academia
long term.

Table continued on next page
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To Recommendation Notes
Support True Open
Access Research

Research should be widely accessible to
promote transparency, foster collabora-
tion, impact and innovation. However,
Open Access publishing needs to be
supported by institutions and journals,
and valued by institutions and funders.
Open Access itself should be accessible
and not come at an unachievable cost
to those from less wealthy institutions.

Publish and Value
Negative/Null
Findings

Journals should publish research which
fails to replicate results, shows null
results, or shows negative findings. Cur-
rent publishing and funding-value sys-
tems which reward positive findings too
much lead to publication bias includ-
ing the file-drawer problem, ultimately
encourage resource-wastage as people re-
peat methods others have failed before,
and encourages methodological biases
which skew the research landscape such
as HARKing and p-hacking. Many of
these issues would be reduced by fairer
publishing and value of high quality
research regardless of the direction of
outcomes.

Fund and Platform
Reproducibility
Research

Similar to the above, it is one thing
to encourage researchers to conduct re-
producibility research, but institutions,
journals, and funders need to support
this research in order to sustain the
reproducibility movement. The bene-
fits of reproducibility research should
be understood and valued by all, and
these researchers should be able to be
platformed in journals and conferences,
for appropriate knowledge-transfer.

Table continued on next page
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To Recommendation Notes
Provide and
Appreciate Time
and Resources to
Follow Best
Research Practices

Researchers should prioritise method-
ological and statistical best practices,
and such rigorous and robust research
should receive credit. Research content
and quality should be valued together.
This should include value afforded to
sharing methods, data, and materials
that can be reused by others.

Everyone External Resources There are many researchers and organ-
isations now promoting and enabling
open science, with their own guide-
lines and initiatives. I would encour-
age those interested to engage with
these organisations and utilise their
well-developed resources. These in-
clude the Centre for Open Science
(COS, https://cos.io/) which produced
the OSF (https://osf.io/) for trans-
parently hosting research and asso-
ciated materials, and TOP Factor
(https://topfactor.org/) to review jour-
nals’ open science practices.

Table 5.1: Recommendations to researchers and to Institutes which shape the research
landscape, which relate to open science principles and upholding research integrity,
transparency and reproducibility.

Developing methods is fruitless unless they can be used to answer research

questions and advance scientific knowledge. One of my interests is the clinical

translation of research, including translation to clinical trials. The EEG noxious-

evoked template is an objective measure of infant noxious response, which provides an

excellent opportunity to use this tool as a primary outcome measure to improve the

quality of clinical trials for pain relief. By developing a machine-learning prediction

model, I was able to integrate a small locally-acquired dataset with a large open

neuroimaging dataset; the dHCP. This feeds into an exciting and thriving new

area of science, seen in many fields, e.g., utilisation of the UK Biobank data. In

this analysis, I was able to demonstrate that pain sensitivity is associated with

resting-state brain activity in infants. I was therefore able to explore factors of brain
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development underlying pain sensitivity and identify potential future avenues of

research. MRI data is very difficult to acquire in neonates due to challenges around

recruitment, acquisition, and resources. By utilising the large dHCP dataset for

exploratory analysis, this means that precise research questions arising from this

analysis can be tested in smaller-scale neonatal studies without resource wastage.

5.1 Limitations and Future Work

The EEG noxious-evoked template affords the opportunity to objectively assess

pain response in infants, and provide objective outcome measures for clinical trials.

There are two important directions to develop these measurement tools. Firstly,

the template reproduced in Chapter 2 is only validated in infants aged 34 weeks or

more. A similar reproducibility study for the recent preterm-specific (30 − 33 week)

noxious-evoked EEG activity template would be beneficial. Premature infants

are often the most vulnerable, where the most premature infants are exposed to

the greatest number of painful procedures, and therefore validating appropriate

objective measures of pain in the most preterm infants is of utmost importance.

Validation of this preterm-specific EEG noxious-evoked activity template could

be achieved by testing for reproducibility in an independent prospective cohort

study, and establishing responsiveness to pain-relieving interventions in independent

samples. Secondly, recent evidence suggests that multimodal measurements of infant

pain including cortical activity, behaviour, and physiological signs, are the most

sensitive to discriminating noxious from non-noxious responses, particularly in the

most preterm infants. EEG templates of noxious-evoked activity in each age group

should therefore be combined with physiological and behavioural measures of noxious

response to provide the best holistic assessment tool for clinical trial use.

Another future area of interest is developing these methods to provide an ongoing

assessment of pain in NICU patients. This is particularly relevant to the management

of prolonged pain in infants following painful procedures, or due to invasive equipment

such as intubation and IV. These current methods have been designed for the

184



assessment and management of acute pain, but it would be very interesting and

clinically valuable to build on these methods to detect pain, through continuous

monitoring outside of an acute procedure. This is a complex task which will require

the collection of continuous EEG and vital signs data in infants, and developing

accurate automated detection of pain events from these data. However, achieving

this task could revolutionise infant pain treatment and immeasurably improve quality

of life.

Machine-learning models could be used to derive clinical biomarkers of nociceptive

sensitivity to assist infant pain management. MRI can provide useful scientific

insights and uncover underlying neurobiological relationships to infant nociceptive

sensitivity. However, this knowledge needs to be converted to more practically

implementable systems for clinical applications, including EEG.
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A
Chapter 2 Supplementary Material

A.1 Documentation for EEG Studies
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NIPI Consent Form (Oxford): clinical procedures v13.0 08/11/2021   
REC Ref: 12/SC/0447 Tel:  Newborn Care Unit, John Radcliffe, Headley Way, Headington, Oxford, OX3 9DU 

 

Study ID:  
 
Infant’s name: 
 

Study Title: Investigating pain in the developing human brain 
 

Chief Investigator: Prof Rebeccah Slater 
 

Please initial each box 

Please complete in black ballpoint pen. 
1 I confirm that I have read and understood the information sheet (clinical procedures) 

(v.     , dated     /    /   ), for the above study. I have had the opportunity to ask 
questions and have had these answered satisfactorily. 

 

2 I understand that my child’s participation is voluntary and that I am free to withdraw 
at any time, without giving any reason, without my child’s medical care or legal rights 
being affected. 

 

3 I understand that relevant sections of my child’s medical notes and data collected 
during the study may be looked at by individuals from the University of Oxford or 
Oxford University Hospitals NHS Trust, where it is relevant to my child’s taking part in 
this research. I give permission for these individuals to access to my child’s records. 

 

4 I agree to my child being videoed during the study. I understand that recorded images 
will not be used for public use, only analysis. No identifiable information, including 
video recordings or imaging, will be used in any publications/presentations. Only 
anonymised data will be published or presented at meetings. 

 

5 I agree for the collected data to be used for teaching or academic research 
presentations. 

 

6 I agree to my child taking part in the above study. 
 

 

OPTIONAL 
7 I agree to my child being studied on more than one occasion, up to a maximum of 5 

occasions. 
 

8 
 

I agree to complete a parental questionnaire related to my child’s study.  

9 I consent to being approached in the future about other research studies that my 
child may be eligible for. 

 

10 I agree to the images/videos of my child recorded during this study being used for 
publications and presentations. 

 

Name of parent: 

 
Name of investigator taking consent: 
 

Relationship to baby: 

 
Signature: 

Signature: 

 
Date: 

Date: 

 
1 to be kept as part of the study documentation (original) 
1 form for parent 
1 to be kept with hospital notes 

 

         

Consent Form 

Figure A.1: Sample consent form for recruitment to infant EEG studies. Personal
contact information has been redacted.
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NIPI Parent Information Leaflet: clinical procedures v13.0 05/01/2023 (Oxford) REC Ref: 12/SC/0447   Page 1 of 5 

 
  
 

 
 

 
 
 
 
 
 
 
 
 

Investigating pain in the developing human brain 
 
 
 

 
 
 
 
 

John Radcliffe Hospital 
 
 
 
 
 
 
 
 
 

 
 
 

Parent Information Leaflet 
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NIPI Parent Information Leaflet: clinical procedures v13.0 05/01/2023 (Oxford) REC Ref: 12/SC/0447   Page 2 of 5 

Your child is, or may be, eligible to take part in a research study. Before you decide, it is important 
that you understand why the research is being done and what it involves. Please read the following 
information carefully and ask us if anything is unclear or if you would like more information.  
 

1. Study title: Investigating pain in the developing human brain 
 

2. What is the purpose of the study? 
Infants in hospital often need to have many procedures as part of their routine medical treatment, 
which may cause discomfort. As they cannot tell us how much these procedures hurt, it is difficult 
to know how much pain they are feeling and to make sure that they receive the right medicines. We 
know that infants can process discomfort and pain in their brains and we have developed a method 
of assessing this pain-related brain activity. We also know that infants show that they are in pain 
using different behaviours. These may be indicated by changes in heart rate and breathing rate in 
response to pain. 

 

The aim of this research is to understand more about how infants experience pain, so that better 
ways of treating pain can be developed. We are also interested in how infants respond to different 
stimuli from their environment, such as light and sound, and how this might change across 
development. 
 

3.  Does my child have to take part? 
No, it is your decision whether or not your child takes part. If you decide to allow your child to take 
part, you will be asked to sign a consent form. If you decide you do not want your child to take part, 
this will not affect your child’s care. 
 

If you decide you would like your child to take part, you can change your mind at any time and 
withdraw your child from the study by telling the research team. You do not have to give a reason. 
You will be asked if we can use the data/images that have already been collected for analysis (all 
data) and for publication of results (anonymised data only).  
 

4. What is involved in the study? 
In this study we would like to understand how infants respond to clinically-required procedures, 
such as blood tests. No clinical procedures will be carried out solely for research purposes. We will 
only study your child during a procedure that is needed for clinical purposes. 
 

As we are interested in how infants respond to different stimuli in their environment, we may also 
ask to study your baby during a control procedure and in response to sharp touch. These do not 
pierce the skin, but they stimulate the receptors that we are interested in generally without waking 
or upsetting the infant. 
 

We will assess your child’s response by measuring their activity. We may also video your child’s face, 
and measure other responses such as muscle activity, heart rate and oxygen saturations. We will 
monitor your child before, during and after the clinical procedure. On rare occasions we may ask to 
monitor your child for up to 36 hours before and/or after the clinical procedure. 
 

Clinical procedures will be completed in the routine way. The study will not interfere with your 
child’s clinical care, nor will there be any delay if an emergency procedure is required. We may also 
explore the impact of pain relief and comfort measures on your child and may ask you to complete 
a questionnaire following the study. 
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As we are interested in how your child’s response to pain changes as they grow, we may ask if we 
can study your child more than once during their stay in hospital. We will also ask you if we can 
contact you in the future, to ask if you would be happy for your child to take part in other research 
studies. If you agree that we can contact you in the future about other research studies, we will also 
record your contact details. Your contact details will not be passed onto anyone outside of the 
research team. You can opt-out of this at any point by contacting Prof Rebeccah Slater (details 
below). Your agreement for us to contact you does not form any obligation to participate in future 
research. 
 
We may use the following recording measures for your child: 
 

Measuring brain activity 
Electroencephalography (EEG): EEG is a portable imaging system to measure brain activity. It 
involves gently placing electrodes (small metal discs) on the head using a paste that can be 
washed off with soap and water. EEG is routinely used on the neonatal unit, children’s wards 
and clinics.  
 

Near Infrared Spectroscopy (NIRS): NIRS is a non-invasive technique to measure brain activity. It 
involves placing lights and detectors on the head to record changes in blood and tissue oxygen 
levels. 
 
Ultrasound: an ultrasound machine uses sound waves to create images of the brain. Ultrasound 
is routinely used to monitor babies’ development during pregnancy and to assess brain 
development on the neonatal unit. In our research we also use a special type of ultrasound called 
functional ultrasound. This can measure which areas of the brain are active. An ultrasound scan 
involves placing an ultrasound probe on your child’s head. To make contact, some gel will be 
applied between the head and the probe.  
 

Measuring other responses 
Electromyography (EMG): EMG is a safe non-invasive technique to record muscle activity. Small 
electrodes will be placed on the skin over the muscle to see if your child pulls away during the 
stimulation (and clinical procedure if relevant).  
 

Vital sign monitoring: Small adhesive electrodes may be placed on your child’s chest to measure 
changes in heart rate (this is called an ECG) and breathing rate. A small probe may also be 
wrapped around your child’s foot to measure changes in blood oxygen levels. 
 

Videoing your child: We may also video your child during the study. This is so that we can assess 
changes in facial expression and body movements, and to record the exact timing of the 
stimulation or clinical procedure. 
 

We may also approach you to ask if you are happy for us to use these images for teaching, 
publicity and/or scientific journals. If you agree, we will take separate consent for this as your 
child’s face would be visible in the video footage. This is not a mandatory part of the study. If 
you choose not to allow us to use the images in this way, this will not affect your child’s care or 
prevent your child from participating in this research. 

 

5.  Are there any additional risks or benefits for my child? 
Obtaining video footage of your child is non-invasive and does not present any risk to your child. 
EEG, EMG and ECG have been used clinically for over 20 years without any adverse effects. 
Ultrasound is a tool that is routinely used in clinical practice. All studies have a dedicated team of 
healthcare professionals and researchers that will ensure the safety of your child at all times. We 
are not aware of any risks for your child taking part in this study. 
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The data collected are for research, so will not be reviewed by a doctor routinely. If any clinically 
significant findings are identified at the time of the study then the research team will report these 
to the clinical care team to handle as appropriate. 

 

There are no direct benefits of participating in this research. This study is designed to gather 
information, to help guide improvements in care for infants in the future. If your child becomes 
distressed, the research study will be paused or stopped. Any clinically required procedures will still 
go ahead if the treating clinician feels that this is appropriate.  
 

6. What information will be collected about my child? 
We will collect information about your child from the medical notes, including demographic (e.g. 
ethnicity), clinical (e.g. number of blood tests in hospital), environmental (e.g. ward transfers) and 
social factors (e.g. postcode). This information helps us to determine which factors may influence 
the way an infant copes with pain. We will also collect information about your child’s brain and its 
activity, and may collect information about your child’s muscle activity, vital signs (such as heart rate 
and breathing rate), and recordings of their facial expressions and body movements. 
 

All information and videos that are collected during this research study will be kept strictly 
confidential.  Each infant will be allocated a study number which will be used to label all data. This 
study has been registered with the data protection registration office and forms part of an 
educational programme. 

 

7. What will happen to the results? 
Results will be analysed and published in a journal. All publications will be made available on our 
website https://neuroimaging.paediatrics.ox.ac.uk. The findings may also be used for teaching or 
academic research presentations. No identifying information will be presented about you or your 
child, unless you have provided specific consent for us to use videos/images of your child in this 
way. 
 

8. What will happen to my child’s data? 
We will be using information collected from your child and their medical records in order to conduct 
this study. Research is a task that we perform in the public interest. The University of Oxford, based 
in the United Kingdom as Sponsor, is the data controller. This means that we, as University of Oxford 
researchers, are responsible for looking after the information collected and using it properly. We 
will use the minimum personally-identifiable information possible. We will keep identifiable 
information about your child for up to 5 years after the study has finished. This excludes any 
research documents with personal information, such as consent forms, which will be held securely 
at the University of Oxford for 25 years after the end of the study.  
 

UK Data protection regulation provides you with control over your personal data and how it is 
used.  When you agree to your information being used in research, however, some of those rights 
may be limited in order for the research to be reliable and accurate. Further information about 
your rights with respect to your personal data is available at 
https://compliance.web.ox.ac.uk/individual-rights  
You can find out more about how we use your information from the contacts in section 12. 
 

Research data may be shared with other researchers doing similar work, both here and abroad. 
Responsible members of the University of Oxford or the Oxford University Hospitals NHS Trust may 
be given access to data for monitoring and/or audit of the study to ensure we are complying with 
regulations. 

 

9. Who is organising and funding this research? 
This study is sponsored by University of Oxford and has been funded by The Wellcome Trust. Your 
doctor will not be paid for including you in this study. 
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10. Who has reviewed the study? 
All research that involves NHS patients has to be approved by a Research Ethics Committee. 
Approval means that the Committee is satisfied that yours and your child’s rights will be respected, 
that any risks have been reduced to a minimum and balanced against possible benefits, and that 
you have been given sufficient information on which to make an informed decision about whether 
to take part. The South Central Oxford C Research Ethics Committee has reviewed and approved 
this study. 
 

11. Comments or concerns during the study  
The University has arrangements in place to provide for harm arising from participation in the study 
for which the University is the Research Sponsor. NHS indemnity operates in respect of the clinical 
treatment with which your child is provided. If you wish to complain about any aspect of the way in 
which you have been approached or treated during the course of this study, you should contact Prof 
Rebeccah Slater (details below) or the University of Research Governance, Ethics & Assurance 
(RGEA) office 
 

12. Contact for further information  
             

                                                          
  

          
                                             

                                 
 

 

 
 
 
 
 

 
 
 
 
 
 

Picture shows example of an EEG study. 
 

Thank you for reading this information leaflet. 

Figure A.2: Sample patient information leaflet for infant EEG research. Personal contact
information has been redacted.
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SCOPE	
This	SOP	describes	how	to	withdraw	a	participant	from	a	research	study.	A	participant	can	be	withdrawn	at	
any	time	(before,	during	or	after	data	collection)	by	either	a	parent	or	a	member	of	the	research/clinical	
team.	Parents	do	not	need	to	give	a	reason	for	the	withdrawal.	
	

PROCEDURE	
	
NIPI	studies	

1. Fill	in	the	paper	NIPI	Withdrawal	form	(any	staff	member	can	use	this	form).	Blank	forms	are	stored	
in	the	NIPI	document	box	in	Office	4,	or	electronic	copies	are	on	the	shared	drive.	

2. The	form	will	ask	if	a	reason	for	withdrawal	has	been	provided,	and	if	the	parents	have	agreed	that	
data	already	collected	can	still	be	used.	

3. It	is	important	to	reiterate	to	parents	that	clinical	care	will	not	be	affected	by	the	decision	to	
withdraw.	All	clinical	care	should	continue	as	planned.		

4. The	completed	paper	form	should	be	kept	in	the	NIPI	filing	cabinet	with	the	participant’s	Consent	
Form	etc.	

5. The	time	and	date	of	the	withdrawal	should	be	documented	in	the	medical	notes,	together	with	
any	other	necessary	information.		

6. The	information	from	the	Withdrawal	Form	should	be	entered	onto	the	NIPI	database.	
	

	
	
Non-NIPI	studies	
If	a	Withdrawal	Form	for	your	non-NIPI	study	exists,	use	this	form	to	record	any	withdrawals.	If	there	is	no	
Withdrawal	Form	for	your	non-NIPI	study,	create	a	file	note	to	store	with	the	participant’s	Consent	Form	
and	any	other	data	collection	forms,	and	record	the	following	information:	

- Participant	ID	
- Study	withdrawn	from	
- Date	and	time	of	withdrawal	
- Participant	status	at	time	of	withdrawal	(prior	to	study,	during	study,	after	study)	
- Who	made	the	decision	to	withdraw	(and	a	reason,	if	given)	
- If	the	withdrawal	took	place	during	or	after	study,	have	the	parents	given	permission	for	the	data	

already	collected	to	still	be	used.	
The	withdrawal	should	also	be	documented	in	the	medical	notes	as	for	NIPI	studies.	
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CHANGE	HISTORY	
	

SOP	and	Version	No	 Effective	Date	 Significant	Changes	 Previous	SOP	and	
Version	No	

SOP	16	 23.01.2019	 First	version	 N/A	
	 	 	 	
	 	 	 	

	
	

Figure A.3: Standard Operating Procedure for study withdrawal. Title page omitted
due presence of personal details.
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Figure A.4: Standard Operating Procedure for safety reporting during infant neu-
romimaging research. Title page omitted due presence of personal details.
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A.2 Flow Diagrams for Sample Selection used in
Pilot Datasets for Registered Report Pilot
Analysis
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S1. Flow Diagram – Data Inclusion/Exclusion for Oxford Dataset A. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Database download for subjects 
marked as having EEG recordings 

(n=391 test occasions) 

EEG data pre-processed (n=127 
unique infant test occasions) 

Data analysed (n=119 unique 
infant test occasions with 1 heel 
lance and 1 control lance each) 

Excluded (n=264) 

• Didn’t receive both a heel lance and control 
lance (n=180) 

• In study by Hartley et al., 2017 (n=8) 

• Studied under a brushing or stroking 
intervention (n=48) 

• Study investigating kangaroo care as an 
intervention (n=3) 

• Infants with neurological conditions 
including HIE and IVH (n=6) 

• Either heel lance or control lance missing 
from recording annotations (n=5) 

• Incorrect or missing EEG eventlist data in 
storage (n=4) 

• Infants marked as having EEG recordings but 
only have ECG recordings due to database 
infrastructure (n=4) 

• Duplicated sample on database (n=2) 

• Infant studied twice, excluded second test 
occasion (n=4) 

Excluded (n=8) 

• After EEG epoch rejection, the infant didn’t 
have both a heel lance and a control lance 
EEG epoch passing rejection to enable 
paired statistics (n=8) 

Figure A.5: Flow diagram illustrating the exclusion decisions for Oxford Pilot Dataset A
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S2. Flow Diagram – Data Inclusion/Exclusion for Oxford Dataset B. 
 
 

Database download for subjects 
marked as having EEG recordings 

and a heel lance (n=305 test 
occasions) 

EEG data pre-processed (n=41 
unique infant test occasions) 

Excluded (n=264) 

• Born at 36.0 weeks gestational age or more 
(n=169) 

• Studied at greater than 37.0 weeks 
postmenstrual age (n=11) 

• In study by Schmidt Mellado et al., 2021 
(n=52) 

• Infants with neurological conditions 
including HIE and IVH ≥ grade 2 (n=10) 

• Missing EEG recording in storage (n=6) 

• Missing EEG eventlist in storage (n=2) 

• Problem with EEG eventlist, e.g. automatic 
heel lance annotation missing (n=3) 

• Duplicated sample on database (n=2) 

• Study investigating an intervention other 
than standard-care (n=2) 

• Infant studied more than once, excluded 
additional test occasions (n=7) 

Excluded (n=6) 

• EEG epochs rejected; infant has no 
unrejected heel lance recordings after 
rejection (n=6) 

Data analysed (n=35 unique 
infant test occasions with 1 heel 

lance each) 

Figure A.6: Flow diagram illustrating the exclusion decisions for Oxford Pilot Dataset B
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B
Chapter 3 Supplementary Material

B.1 Documentation for MRI Studies

In addition to the MRI-specific study procedures in the figures below, general SOPs

for participant withdrawal and safety reporting are shown in the earlier appendices

in figures A.3 and A.4 respectively.
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NIPI Consent Form (Oxford): MRI v13.0 08/11/2021   
REC Ref: 12/SC/0447 Tel: 01865 227988 Newborn Care Unit, John Radcliffe, Headley Way, Headington, Oxford, OX3 9DU 

 

Study ID:  
 

Infant’s name: 
 

Study Title: Investigating pain in the developing human brain 
Chief Investigator: Prof Rebeccah Slater 

 
Please initial each box 

Please complete in black ballpoint pen. 
1 I confirm that I have read and understood the information sheet (MRI)  

(v.     , dated     /    /   ), for the above study. I have had the opportunity to ask questions and 
have had these answered satisfactorily. 

 

2 I understand that my child’s participation is voluntary and that I am free to withdraw at any 
time, without giving any reason, without my child’s medical care or legal rights being affected. 
 

 

3 I understand that relevant sections of my child’s medical notes and data collected during the 
study may be looked at by individuals from the University of Oxford or Oxford University 
Hospitals NHS Trust, where it is relevant to my child’s taking part in this research. I give 
permission for these individuals to access to my infant’s records. 

 

4 I understand that the MRI scan is for research and is not useful for medical diagnosis, and that 
scans are not routinely looked at by a doctor. If a concern is raised about a possible 
abnormality on my child’s scan, I will only be informed if a doctor thinks it is medically 
important such that the finding has clear implications for my child’s current or future health. 

 

5 I agree to my child being videoed during the study. I understand that recorded images will not 
be used for public use, only analysis. No identifiable information, including video recordings 
or imaging, will be used in any publications/presentations. Only anonymised data will be 
published or presented at meetings. 

 

6 I agree for the collected data to be used for teaching or academic research presentations.  

7 I agree to my child taking part in the above study. 
 

 

OPTIONAL 
8 I agree to my child being studied on more than one occasion, up to a maximum of 5 

occasions. 
 

 9 I agree to complete a parental questionnaire related to my child’s study. 
  

 

10 I consent to being approached in the future about other research studies for which my child 
may be eligible. 

 

11 I agree to the images/videos of my child recorded during this study being used for 
publications and presentations. 

 

Name of parent: 

 
Name of investigator taking consent: 
 

Relationship to baby: 

 
Signature: 

Signature: 

 
Date: 

Date: 

 
1 to be kept as part of the study documentation (original) 
1 form for parent 
1 to be kept with hospital notes 

 

         

Consent Form 

Figure B.1: Sample consent form for recruitment to infant MRI research studies. Personal
contact information has been redacted.
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Investigating pain in the developing human brain 
 

 
 
 

 
John Radcliffe Hospital 

 
 
 
 
 

 
 
 
 
 
 
 
 
 

Parent Information Leaflet 
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Your child is, or may be, eligible to take part in a research study.  Before you decide, it is important 
that you understand why the research is being done and what it involves. Please read the following 
information carefully and ask us if anything is unclear or if you would like more information.  
 
1. Study title: Investigating pain in the developing human brain 

 
2. What is the purpose of the study? 
Infants in hospital often need to have many procedures like blood tests as part of their routine 
medical treatment, which may cause discomfort. As they cannot tell us how much these procedures 
hurt, it is difficult to know how much pain they are feeling and to make sure that they receive the 
right medicines. We know that infants can process discomfort and pain in their brain. By using a 
special scanner called an MRI (Magnetic Resonance Imaging) scanner, we are able to take detailed 
3D pictures of an infant’s brain while resting, as well as see how their brain activity changes in 
response to light, touch, sound or pain. We also know that infants show that they are in pain using 
different behaviours. These may be indicated by changes in heart rate and breathing in response to 
pain. 
 
The aim of this research is to understand more about how infants process the outside world and in 
particular how they feel touch and pain, so that better ways of treating pain can be developed. We 
are also interested in what infants’ brains looks like at rest and how infants respond to different 
stimuli from their environment, such as light and sound, and how this might change across 
development. 
 
3.  Does my child have to take part? 
No, it is your decision whether or not your child takes part. If you decide to allow your child to take 
part, you will be asked to sign a consent form. If you decide you do not want your child to take part, 
this will not affect your child’s care. 
 
If you decide you would like your child to take part, you can change your mind at any time and 
withdraw your child from the study by telling the research team. You do not have to give a reason. 
You will be asked if we can use the data/images that have already been collected for analysis (all 
data) and for publication of results (anonymised data only). 
 
4. What is involved in the study?  
If you wish to take part in our study, we will take you and/or your partner and your child to the 
FMRIB Centre, which is where the research MRI scanner is based at the John Radcliffe Hospital. We 
will use the scanner to record images of your child’s brain and its activity. MRI is a safe magnetic 
imaging technique, which does not involve radiation, and is used to scan infants in hospital. It 
produces images by measuring changes in blood oxygen levels.  
 

Before the scan, we will check that your child does not 
have anything metallic on them, and we will give them 
ear plugs and ear muffs to protect their hearing and 
to help them sleep soundly through the scan. If 
possible, giving your child a feed before the scan will 
make them sleepy and helps to settle them. We will 
make sure your child is warm and comfortable before 
we start scanning. 
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We may use a soft touch and a sharp touch device, neither of which pierces the skin but stimulates 
the receptors we are interested in generally without waking or upsetting the infant. We may also 
stroke your child with a soft brush, turn a light on and off, or play a few sounds to them to look at 
how your child’s brain activity changes in response to these stimuli.  
 
During the scan, we may also record your child’s heart rate and oxygen saturations using a small 
probe wrapped around their foot. We may also video your child’s face and/or body movements. We 
may also approach you to ask you if you are happy for us to use these images for teaching, publicity 
and/or scientific journals. If you agree, we will take separate consent for this as your child’s face 
would be visible in the video footage. This is not a mandatory part of the study. If you choose not to 
allow us to use the images in this way, this will not affect your child’s care or prevent your child from 
participating in this research. 
 
A clinically trained researcher will be present throughout the study. If your child wakes or needs 
feeding or changing during the study, we will stop the scanner and ask you whether you wish to 
continue after their needs have been met. We may ask you to complete a questionnaire following 
the study. 
 
As we are interested in how your child’s response to pain changes as they grow, we may ask if we 
can study your child more than once during their stay in hospital. We may also ask you if we can 
contact you in the future, to ask if you would be happy for your child to take part in other research 
studies. If you agree that we can contact you in the future about other research studies, we will also 
record your contact details. Your contact details will not be passed onto anyone outside of the 
research team. You can opt-out of this at any point by contacting Prof Rebeccah Slater (details 
below). Your agreement for us to contact you does not form any obligation to participate in future 
research. 
 
5.  Are there any additional risks or benefits for my child? 
A clinically-trained member of the research team will ensure your child’s safety at all times. As the 
MRI scanner is not portable, we need to transport your child to and from the MRI scanning suite in 
a pram or transport pod. MRI is a safe technique used to image both premature and term infants in 
hospital.  The scanner produces loud repetitive sounds, and we have measured the noise level to 
ensure that we provide all infants with appropriate ear protection. As the MRI scanner is magnetic, 
before entering the scanning suite we make sure that neither your child nor any member of the 
research team is carrying any metal.  
 
Obtaining video footage of your child is non-invasive and does not present any risk to your child. 
Vital sign monitoring (such as heart rate and breathing rate) has been used clinically for over 20 
years without any adverse effects. The sensory stimuli which may be applied to your child have 
similarly been used in many other patient groups. All studies have a dedicated team of healthcare 
professionals and researchers that will ensure the safety of your child at all times. 
 
The MRI scan is for research rather than medical diagnosis, so it will not be reviewed by a doctor 
routinely. If any clinically significant findings are identified at the time of the study then the research 
team will report these to the clinical care team to handle as appropriate. 
 
There are no direct benefits of participating in this research. This study is designed to gather 
information to help guide improvements in care for infants in the future. If your child becomes 
distressed, the research study will be paused or stopped. 
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6. What information will be collected about my child? 
We will collect information about your child from the medical notes, including demographic (e.g. 
ethnicity), clinical (e.g. number of blood tests in hospital), environmental (e.g. ward transfers) and 
social factors (e.g. postcode). This information helps us to determine which factors may influence 
the way an infant copes with pain. In the MRI scanner, we will collect images of your child’s brain 
and its activity, and we may collect information about your child’s muscle activity, vital signs, and 
recordings of their facial expressions. All information and videos that are collected during this 
research study will be kept strictly confidential. Each infant will be allocated a study number which 
will be used to label all data.  
 
This study has been registered with the data protection registration office and forms part of an 
educational programme. 

 
7. What will happen to the results? 
Results will be analysed and published in a journal. All publications will be made available on our 
website https://neuroimaging.paediatrics.ox.ac.uk. The findings may also be used for teaching or 
academic research presentations. No identifying information will be presented about you or your 
child, unless you have provided specific consent for us to use videos/images of your child in this 
way. 
 
8. What will happen to my child’s data? 
We will be using information collected from your child and their medical records in order to conduct 
this study. Research is a task that we perform in the public interest. The University of Oxford, based 
in the United Kingdom as Sponsor, is the data controller. This means that we, as University of Oxford 
researchers, are responsible for looking after the information collected and using it properly. We 
will use the minimum personally-identifiable information possible. We will keep identifiable 
information about your child for up to 5 years after the study has finished. This excludes any 
research documents with personal information, such as consent forms, which will be held securely 
at the University of Oxford for 25 years after the end of the study.  
 
UK Data protection regulation provides you with control over your personal data and how it is 
used.  When you agree to your information being used in research, however, some of those rights 
may be limited in order for the research to be reliable and accurate. Further information about 
your rights with respect to your personal data is available at 
https://compliance.web.ox.ac.uk/individual-rights  
You can find out more about how we use your information from the contacts in section 12. 
 
Research data may be shared with other researchers doing similar work, both here and abroad. 
Responsible members of the University of Oxford or the Oxford University Hospitals NHS Trust may 
be given access to data for monitoring and/or audit of the study to ensure we are complying with 
regulations. 

 
9. Who is organising and funding this research? 
This study is sponsored by University of Oxford and has been funded by The Wellcome Trust. Your 
doctor will not be paid for including you in this study. 
 
10. Who has reviewed the study? 

All research that involves NHS patients has to be approved by a Research Ethics Committee. 
Approval means that the Committee is satisfied that yours and your child’s rights will be respected, 
that any risks have been reduced to a minimum and balanced against possible benefits, and that 
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you have been given sufficient information on which to make an informed decision about whether 
to take part. The South Central Oxford C Research Ethics Committee has reviewed and approved 
this study 
 
11. Comments or concerns during the study  
The University has arrangements in place to provide for harm arising from participation in the study 
for which the University is the Research Sponsor. NHS indemnity operates in respect of the clinical 
treatment with which your child is provided. If you wish to complain about any aspect of the way in 
which you have been approached or treated during the course of this study, you should contact Dr 
Rebeccah Slater (details below) or the University of Oxford Research Governance, Ethics & 
Assurance (RGEA) office ( ). 
 
12. Contact for further information 

              
                                                           

  
          

                                                
                                 

 
 

 
 
 
 

Picture shows example of an MRI study. 
 

Thank you for reading this 
information leaflet. 

 
 
 
 
 

 

Figure B.2: Sample patient information leaflet for infant MRI research studies. Personal
contact information has been redacted.
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SCOPE 
 

This SOP describes the role of the clinical member of staff in an MRI study. It covers the transport to and 
from the ward to the MRI scanner in FMRIB, the pre-scanning safety checks and the monitoring of the 

infant during the study. 
 

PROCEDURE 
 
Magnet safety training and MRI safety screening 
Everyone attending MRI scans must have: 

1. Completed magnet safety training in the past year. Access to FMRIB is automatically revoked if you do not 
renew your magnet safety training yearly. 

2. Completed a volunteer MRI safety screening form in the current calendar year. All forms are located at the 
scanners and will be checked by a Radiographer. If your health status changes (recent surgeries/implants, 
pregnancy), fill out a new form and speak to a radiographer before attending any future MRI studies. 

A record of training will be held in the Paediatric Neuroimaging Group research office. 
 
On the day of the study 
 
Preparation  

• The clinical member of the MRI team should ensure that the grab bag, a full oxygen cylinder, resuscitation kit 
and portable suction unit are prepared, stocked, and in working order. Note: These items are not MRI-safe 
and should NEVER be taken inside the scanning room.  

• The clinical member should consult the midwife caring for the infant and ensure that the infant (and the 
mother if she wishes to attend the scan) is safe to transport and there are no new contraindications.  

• The clinical member should examine the baby to ensure that they are satisfied that the baby is clinically 
stable for transfer and scanning. 

• The baby’s most recent weight (within 5 days of the scan) should be documented on the study sheet. 
 
The infant will be transported to FMRIB by a trained clinical member of staff, parent, and an MRI-trained researcher.  
 
In the FMRIB subject room 

o Fully undress the baby and remove ECG dots, medicated skin patches, jewellery, any metallic objects in linen 
(e.g. safety pins) and metal fasteners on clothing that are either touching bare skin or near the head. Don’t 
forget to look at the baby’s back and in the nappy! 

o Dress in plain vest (no logos or decorative stitching) and ensuring no metal poppers anywhere other than 
between the legs. These should be over the nappy (not in contact with the skin) and a blanket will be placed 
between the legs once in the scanner to ensure that there is no contact between the legs.  

o If a cannula is in situ: the cannula splint is NOT 3T MRI safe and must be removed.  
o Measure and record the baby’s temperature on the data collection sheet. The baby should not be scanned if 

their temperature is not within the normal range (36.5-37.5oC) 
o Apply the first two levels of ear protection:  

o Take approximately half a ball of ear putty and apply to seal the outer ear (not in ear canal). 
o  Apply mini muffs on top.  

o Swaddle the baby in MRI safe hospital blankets. Make sure there is no skin-to-skin contact, i.e. arms cannot 
touch, so make sure to apply blanket between the chest (if not wearing a vest) and arms and between arms 
and legs. Hand should be tucked away in the blankets.  

o The researcher will ask the parent(s) to fill out MRI safety forms for their baby and themselves (if they wish 
to come into the scanner room) and the radiographer will formally screen the parents prior to entering the 
scanner control room. The radiographer will confirm that the baby has been screened by the clinical 
member of the research team. 

o The MRI team must be in scrubs and check they have emptied their pockets, removed jewellery and are not 
carrying any contraindicated items. The only items taken into the control should be the MRI-safe foam 
cradle, MRI-safe step, MRI-compatible pinpricks, disposable dummy (in case of requirement), MRI-safe 
oxygen saturation probe wrap. All other items should be left in subject room or locker. 
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CHECKPOINT 
Before entering the scanner room, radiographer confirms with the lead researcher and clinical member of the MRI 
team that the necessary checks have been carried out.  
 
In FMRIB scanner room  

o Only take the infant into the scanner room after they have been checked fully screened by the clinical 
member of staff and approval has been granted to enter by the radiographer. 

o Place the foam cradle in the head coil and lay the bean bag cushion on top.  
o Place baby on the beanbag/cradle, ensuring the head is positioned centrally in the head coil (see markings 

and consult radiographer if necessary).  
o Apply the third level of ear protection: place the large Ems4Bubs earmuffs over the mini muffs so that they 

are completely covered and comfortable for the baby. There should be a good seal between the skin and the 
muffs. Insert padding (foam triangles covered in paper towel provided by radiographer) on either side of the 
head to ensure the earmuffs are securely held against the head. The muffs should not be able to move but 
should not cause discomfort.  

o Swaddle the infant in blankets, ensuring that neither the baby’s arms nor legs are in direct contact with each 
other or against the metal poppers of the nappy (separate with blanket). Leave the legs free. 

o Remove air from beanbag cushion to fix position of the infant once settled and aligned.  
o Apply the two saturation probes: On the right foot - place the probe used for real-time clinical monitoring of 

oxygen saturations in the control room during scanning. On the right leg - place the probe used for recording 
physiological data. Use MRI-safe wraps to cover the probes and tape if necessary to secure them. 

o Cover the legs loosely with another MRI-safe standard hospital blanket. 
o Ensure that HR and oxygen saturations are reading well (good trace) and are within normal limits. Record 

initial vital sign readings on the data collection sheet.  
o During the study, the clinical member should continuously monitor the vital signs. They should alert the 

research team and radiographer if they have any concerns.  
o During the scan, a member of the research team must regularly update the parents and ensure they are 

happy to continue.  
o At the end of the scan, the clinical member should record a final reading of the infant’s heart rate and 

oxygen saturations on the data collection sheet prior to removing them from the scanner. 
 
CHECKPOINT 
Before starting the scan, ensure that the three levels of ear protection are well fitted, the infant is settled, the probe 
is reading correctly, and that you have filled out the clinical assessment on the NIPI MRI data collection form.   
 
If during scanning the infant becomes distressed or HR or oxygen saturation readings are outside normal limits, the 
clinician should enter the scanner to check the infant, ensure the probe is reading correctly, and settle the infant if 
appropriate. If the clinician deems that further assessment of the infant is required, the clinician should remove the 
infant from the scanner. Any resuscitation or stabilisation MUST take place in the subject room, outside of the 
scanning environment. NO equipment should be brought into the control room or scanner.  
 
In FMRIB subject room 
After the scan,  

o Remove monitoring and take the infant from the scanner to the subject room. 
o Remove the ear protection. 
o Take the infant’s temperature and record this on the data collection sheet.  
o Dress the infant in appropriate clothes for transport including a hat and blankets.  

 
CHECKPOINT 
After scan completion, ensure that the clinical assessment NIPI MRI data collection form has been filled out.  
 
Documentation 
Use the MRI data collection sheet to record the infant’s temperature, heart rate, and oxygen saturations pre- and 
post-scan.  
 

Figure B.3: SOP for Infant MRI Transport and Safety. Title page omitted due presence
of personal details.
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CHECKLIST FOR RESEARCH MRI STUDIES 
 
 
Checklist during consent process 

 Consent form signed, dated and baby’s name filled out  
 Sticker on consent form 
 Written in notes  
 Clinical member available for transport and monitoring during the study 
 Confirmed with clinical team that baby is appropriate to study 
 Parents have seen the stimulus 
 Parents have been informed about the noise and the ear protection 
 Discussed pick up time with parents 
 Asked parents to feed before this time (or can feed in subject room if timing difficult) 
 Asked parents to dress baby in a plain vest without logos or stitching or metal poppers    

on the shoulders. Metal poppers between the legs are not a problem.  
 If baby has a cannula in situ; asked parents to cover the cannula with a sock. The splint 

will need to be removed just prior to scanning. 
 Discussed with parents who is attending the scan and whether they will want to stay in 

the scanner room. Explained that they will be required to complete a volunteer form and be 
screened for contraindication by radiographer on the day of the scan 

 Asked mum if she needs a wheelchair 
 
 
 

Checklist required kit 
 

 MRI team in scrubs and jewellery removed.  

 
Pram 

 Pram set up with sheets and blankets 
 Hat for baby 
 Socks for baby 
 Full oxygen cylinder and flow regulator that is compatible and fitted 
 MRI-safe step (to help researcher get onto MRI scanner table) 

 
 

Grab bag – non-medical (blue sports bag) 

 Note baby’s weight 
 NIPI MRI data collection form 
 Earmuffs (Ems’ 4 bubs) 
 Mini Muffs (Natus) 
 Disposable covers for earmuffs 
 Ear putty (Mack’s)  
 Thermometer or tempadots for baby 
 Stimulator: MRI compatible PinPricks 

WARNING 

GRAB BAG, PRAM AND 
RESUSCITATION KIT CONTAIN ITEMS 

THAT ARE NOT MRI SAFE!  
THEY SHOULD BE KEPT IN THE SUBJECT 

ROOM AND NEVER TAKEN INTO THE 
SCANNER ROOM  
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 Disposable dummies 
 Spare nappies, wipes, cotton wool and bowl 
 Orange foam cradle 
 Single-use paper measuring tapes 
 Laminated copies of SOPs 

 

Grab bag – medical (blue sports bag) 

 Bag-valve-mask  
 Oxygen tubing 
 Tape 
 Scissors 
 Stethoscope  
 Two sets of Level 1 PPE with eye protection (gloves, aprons, surgical masks, goggles or 

any other eye protection) 
 Pulse oximeter wrap 

 

Full neonatal resuscitation Kit (green case) 
 Checked listed contents and expiry dates 
 Portable suction unit 

 
 
CHECK Crash Team is aware of scan 
Contact Paediatrics crash bleep holders and Neonatal crash bleep holders to inform them 
that MRI research study is taking place and ensure they know route to FMRIB in case of 
emergency.  
 

After the study 
Any unit linen should be put in the laundry baskets in LDU. Any used equipment should be 
cleaned.  
 
 
 
 
 

 

Figure B.4: Infant MRI Preparation and Conduct Checklist.
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