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SUMMARY 

 

In recent years, the improved survival of very/extremely preterm infants has 

led to a higher prevalence of neurodevelopmental impairment. As such, 

increased attention has turned towards biomarkers for early 

diagnosis/prognosis. Historically, neurological insults during the early preterm 

period (while in the neonatal intensive care unit) took the form of macroscopic 

lesions leading to cerebral palsy, blindness/deafness, or other severe 

motor/cognitive impairment. However, today, very/extremely preterm infants 

mostly avoid macroscopic brain injury and are instead later diagnosed with more 

subtle deficits, such as disorders of attention, executive function, or learning.  

Here we investigate how functional neuroimaging can be used to probe 

individual differences in infant brain function. Specifically, we examine 

functional connectivity.  

 

In the first study, we critically examine existing methods for measuring the 

individual functional connectome (a.k.a. ‘fingerprint’), which is portion of 

functional connectivity that can identify the individual and be linked to their 

behaviours. Recent research has assessed whether a functional fingerprint 

exists in young infants. We hypothesised that various confounding variables, 

including brain state (asleep versus awake), might impact this functional 

connectome in infants (and its potential as a neuroimaging biomarker). 

Analysing data from a large open infant cohort, we identified confounding 

variables that seriously impact infant functional fingerprinting, including motion, 

head size, inter-session interval and head position in the head coil. 

 

Next, we acquired functional MRI (fMRI) from a cohort of infants as part of the 

FOUNDCOG study (www.foundcog.org). The first 100 infants (75 term and 25 

preterm born infants) were included in this analysis. The majority of previous 

studies have scanned infants asleep, and the practical challenges and important 

methodological steps needed to achieve awake infant fMRI data is discussed in 

detail. Methods used resulted in successful completion of awake fMRI runs and 

good infant comfort/attendance (as reported by researcher and parents).  

 

http://www.foundcog.org/
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Individual versus shared components of the infant functional connectome were 

identified in preterm and term infant groups, and the impact of brain state 

(awake versus asleep) on these was assessed. Results from this 2-month old 

infant cohort, showed that there is a different pattern of fMRI connectivity 

between sleep and awake (movies) states, and that there appear subtle 

differences between preterm and term functional connectivity in both states.  

 

Lastly, we examined the relationship between connectivity, brain state and 

prematurity. We used simple machine learning models to examine whether 

brain state impacted the classification of preterm and term born infant groups. 

Results indicated that functional connectivity data from 2-month aged infants 

can classify brain state (asleep/movies) during a scan (both ex-preterm and 

term born infants) and can weakly predict scan age (when training on asleep 

state only). It is felt that methodological challenges in our analysis limited our 

ability to classify and predict birth gestation.  

 

Finally, study protocols are being shared with the foetal/infant/toddler 

neuroimaging community (FIT’NG community) which is an increasingly active 

and growing community of researchers. This is in the hope that both this and 

future work will lend towards identifying potential functional MRI biomarkers in 

this pre-verbal infant population. 
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1.1 BRAIN DEVELOPMENT IN PRETERM INFANTS 

 

Preterm birth is defined by World Health Organization (WHO) as all births before 

37 completed weeks of gestation (World Health Organization, n.d.). Preterm 

birth can be divided based on gestational age: extremely preterm (<28 weeks); 

very preterm (28 to <32 weeks); moderate to late preterm (32 to <37 weeks). 

Across 184 countries, the rate of preterm birth ranges from 5% - 18% of babies 

born (World Health Organization, n.d.).  

 

The rate at which extremely premature (EPT) infants being born is increasing. 

In Ireland the 2018 report on mortality risk among very low birth weight (VLBW) 

infants (born between 2014-2016) recommended that resuscitation should be 

administered to all infants born at 23 weeks who present in a favourable 

condition. In 2018 in Ireland, 89% of infants born at 23 weeks gestation were 

offered resuscitation compared to 42% in 2014 (Leitao et al., 2020). 

 

The brain is developing in many important ways during this period. From the 

24th week of gestational age (GA) to term-equivalent age of 40 weeks GA, the 

main events in brain network development consist of: (1) growth of 

thalamocortical connections, (2) growth of long-range cortico-cortical 

connections, (3) growth of short range cortico-cortical connections, and (4) 

pruning of connections based on initial endogenous, and then subsequent 

exogenous activity (Kostović and Jovanov-Milosević, 2006). The growth of 

cortico-cortical connections is paralleled by the emergence of functional inter- 

and intra- hemispheric synchronisation, which increase rapidly between 

approximately the 30th to 35th week GA (Koolen et al., 2016). This increase in 

neural activity/synchronisation is largely accounted for by the growth of neural 

connections in grey matter (i.e., synapse and dendrites), long-range axons, and 

myelination, all of which are elements essential for the organization of 

distributed functional networks (Tau and Peterson, 2010).  

 

In cerebral white matter, pre-oligodendrocytes (pre-OLs) begin ensheathment 

of axons at approximately 30 weeks of gestation. In the premature period, this 

process is critical for axonal growth and differentiation and, as a downstream 
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consequence, the development of the cerebral cortex, cerebral white matter, 

thalamus, basal ganglia, and more distant grey matter (Back et al., 2002). Any 

pre-OLs disruption can acutely causes cell death followed by chronic 

replenishment of the pre-OLs pool. However, these pre-OLs fail to differentiate 

and en-sheath white matter axons, with resulting impact on myelination and 

impaired development of the grey matter structures (Kinney and Volpe, 2018).  

 

After birth, infancy continues to be a period of rapid brain growth, largely by 

dendritic and axonal expansion and progressive myelination (Huttenlocher et 

al., 1982). During the early postnatal period a number of complex 

neurobiological processes take place (e.g. myelination, axonal pruning, synaptic 

pruning, synaptogenesis) in an ordered manner across the brain (Barkovich and 

Barkovich, 2019; Dubois et al., 2020; Levitt, 2003). Different rates of 

coordinated brain developmental processes occurring during infancy include: 

synaptogenesis (Huttenlocher and de Courten, 1987); myelination of cortical 

connections (Miller et al., 2012); and refinement of cortical microstructure (T. 

A. Smyser et al., 2016).  

 

1.1.1 The multiple hit hypothesis of preterm birth 

 

The multiple hit hypothesis posits that the risk of white matter injury (WMI) 

increases with cumulative exposure to multiple perinatal risk factors (Barnett et 

al., 2018; Van Steenwinckel et al., 2014). Further WMI and impaired WM 

development may be accompanied by a more global insult also involving the 

grey matter, which is nowadays qualified by the term encephalopathy of 

prematurity, first proposed by Volpe (Volpe, 2009). 

 

Infection/Chorioamnionitis: 

In a Swiss multi-centre cohort study (2000-2007) of EPT infants with proven 

sepsis, affected infants had worse neurodevelopmental outcomes independent 

of other risk factors (Schlapbach et al., 2011). Perinatal infection is recognised 

as an important risk factor for WMI in the premature population (Chau et al., 

2012; Glass et al., 2008; Schlapbach et al., 2011).  

 

Chronic Lung Disease: 
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In a study (Ball et al., 2010) the relationship between chronic lung disease (CLD) 

and WMI was investigated using diffusion MRI and measures of fractional 

anisotropy (FA) and diffusivity. Preterm infants with CLD had significantly 

increased radial diffusivity (RD) and significantly reduced FA within the centrum 

semiovale, corpus callosum and inferior longitudinal fasciculus (p<0.05) 

compared to their peers (controlling for degree of prematurity and age at scan) 

(Ball et al., 2010). 

 

Necrotising enterocolitis: 

In a recent systematic review of studies of cohorts (2010 – 2018) of infants with 

necrotising enterocolitis (NEC) from high-income countries the overall rates of 

severe neurodevelopmental impairment (NDI) ranged from 25% - 59% (Jones 

and Hall, 2020). NEC is often accompanied (during the NICU course) by other 

common complications of prematurity such as longer intubation, CLD, and 

retinopathy of prematurity. Whether these are a result of NEC or an indication 

of an infant’s level of vulnerability, these complications compound the risk for 

NDI (Hickey et al., 2018) and can be considered a cumulative insults as per the 

multiple hit hypothesis.  

 

In this context of the multiple hit hypothesis, Irish rates of inflammatory 

morbidities in the preterm population have been sourced. According to the ‘Very 

Low Birth Weight Infants in the Republic of Ireland Annual Report 2018’ 

commonly considered inflammatory morbidities had the following rates (% of 

the total population in the year): small for gestational age (22%), chronic lung 

disease (18%), any late infection (late onset sepsis, meningitis) (10%), and 

necrotising enterocolitis (6%) (Leitao et al., 2020). Preterm infants with these 

inflammatory morbidities could serve as a cohort with a specific type of brain 

injury.  

 

1.2 NEURODEVELOPMENTAL OUTCOMES OF PRETERM INFANTS 

 

While preterm mortality (Lui et al., 2019), severe intra-ventricular haemorrhage 

(Yeo et al., 2020) and rates of cerebral palsy (Pascal et al., 2018) have 

decreased in recent decades, this improved survival without major motor 

deficits has not yet been matched by a reduction in rates of neurodevelopmental 



5 
 

impairment with high rates of intellectual, behavioural, social and emotional 

impairments persisting into adult life (Johnson and Marlow, 2017).  

 

From a recent meta-analysis of low mortality countries (neonatal mortality rates 

<5) it was seen that 24.5% (95% CI: 20.2–28.8%) of survivors born at 

<28 weeks developed moderate/severe neurodevelopmental impairment (all 

inclusive of motor, visual, hearing, speech, and higher cognitive or 

social/executive dysfunction) and 33.9% (95% CI: 28.6–39.3%) of survivors 

had mild neurodevelopmental impairment. For infants born at 28–31 weeks, 

12.2% (95% CI: 6.1–18.2%) had moderate/severe and 16.5% (95% CI: 13.6–

19.3%) mild neurodevelopmental impairment (Blencowe et al., 2013). Similarly 

in a systematic review (infants born 2006-2016) investigators showed that at 2 

years corrected age 1 in 6 infants had some cognitive delay, with overall pooled 

prevalence showing mild cognitive delay in 14.3% and moderate-severe 

cognitive delay in 8.2% (Pascal et al., 2018). 

 

It has been known for some time that extremely low birth weight (ELBW) infants 

who avoid the classical motor/visual/cognitive impairments of prematurity have 

increased risk of symptoms of autism, inattention, anxiety, and obsessive 

compulsive disorder (Fevang et al., 2016). Two meta-analyses of data from 

studies of very preterm cohorts have reported small to medium effect sizes 

(0.25 SD to 0.57 SD) for deficits in inhibition, working memory, planning, 

cognitive flexibility and verbal fluency (Aarnoudse-Moens et al., 2009; Mulder 

et al., 2009). Further, preterm birth is associated with decreased academic 

performance in school age children (> 5 years old) (Twilhaar et al., 2018), and 

has been associated with decreased intelligence (Allotey et al., 2018), executive 

function, and processing speed through to adolescence (Brydges et al., 2018) 

and an increase risk for attention problems in adulthood (Breeman et al., 2016). 

 

Executive function disorders, common in preterm children, are often associated 

with widespread, subtle abnormalities of white and grey matter rather than focal 

lesions (Anderson et al., 2017; Boardman et al., 2010). As such, 

neurodevelopmental outcomes in these domains may be better predicted with 

‘connectome-type’ analyses that include measures of segregation and 

integration (Fischi-Gomez et al., 2016) 
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1.3 BIOMARKERS AND NEUROIMAGING 

 

During their time in the neonatal intensive care unit (NICU), preterm infants 

have a rapid rate of brain development that occurs at the same time as they 

are often critically ill, exposed to numerous medical interventions, and unusual 

sensory stimuli (Huppi et al., 1998). Currently, being born very/extremely 

premature is in itself one of the strongest indicators of impacted long-term 

developmental outcomes, with the degree of prematurity associated with 

severity (Eves et al., 2021; Johns et al., 2018; Johnson and Marlow, 2017; 

O’Reilly et al., 2020).  

 

With higher very/extremely preterm infant survival, and as a result a significant 

prevalence of neurodevelopmental impairment, attention has turned towards 

biomarkers for early diagnosis and intervention. Early intervention programmes 

for preterm infants have a positive influence on cognitive and motor outcomes 

during infancy, with the cognitive benefits persisting into pre-school age (Spittle 

et al., 2012).  

 

The NIH Biomarkers Definitions Working Group defined a biomarker as: 

“a characteristic that is objectively measured and evaluated as 

an indicator of normal biological processes, pathogenic 

processes, or pharmacologic responses to a therapeutic 

intervention” (Downing, 2001) 

 

The potential clinical application of a biomarkers includes: determination of the 

presence or absence of disease; staging of a disease; determination of risk 

prognosis; or prediction and monitoring of clinical response to an intervention 

(Downing, 2001).   

 

 

While screening tools aim to rule in all affected persons (high sensitivity) this is 

often at the cost of being overly inclusive (low specificity). In contrast, for 

diagnostic tests, higher importance is put on achieving the correct diagnosis 

(high specificity) at the cost of being less inclusive (lower sensitivity) 

(Castellanos et al., 2013). Various infant neuroimaging techniques have lent 
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themselves to infant screening/diagnostics/prediction of neurodevelopmental 

impairment and these are summarised below. 

 

1.3.1 Cranial ultrasound 

 

Serial cranial ultrasound (cUS) is used to detect early intra-ventricular 

haemorrhage (IVH), and subsequent peri-ventricular leukomalacia (PVL) and/or 

cystic change. The American Academy of Pediatrics state that serial cUS is 

important in delineating fully overt brain injury, including cystic white matter 

injury (Hand et al., 2020). Serial cUS is safe, relatively inexpensive, and readily 

available at the bedside for serial imaging of brain injury and its evolution.  

 

However, in recent years there has been a trend towards decreasing overall 

rates of IVH, for example, in one large study in New Zealand and Australia from 

24% in 1995 to 21% in 2012 (Yeo et al., 2020). The Vermont Oxford Network 

(VON) Database is used worldwide to measure rates of common preterm 

morbidities. In 2017, VON demonstrated an overall 24.6% incidence of IVH and 

an 8.1% rate of severe IVH (defined as grade III or IV) among more than 50,000 

VLBW infants (Hand et al., 2020).  

 

Despite skilled personnel performing serial cranial ultrasound measures in these 

populations, the sensitivity of cUS is restricted due to its resolution and acoustic 

window. It has been seen that cUS is less sensitive in assessing the more 

common mild but diffuse white matter injury, periventricular white matter 

lesions and punctate cerebellar haemorrhages, and it cannot detect myelination, 

abnormalities in the integrity of cerebral white matter and grey matter 

structures, connectivity, gyral maturation, or cortical malformations (Inder et 

al., 2021; Ou et al., 2014). Further, a recent meta-analysis has shown how the 

sensitivity and specificity of IVH as a biomarker for extended 

neurodevelopmental outcomes (cognitive/social/executive) is lacking 

(Hollebrandse et al., 2020). As a result, attention has turned from cUS towards 

other imaging modalities to identify more subtle biomarkers of NDI in the 

preterm population. 
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1.3.2 Anatomical MRI 

 

Acquired brain lesions are common in preterm infants routinely imaged at term-

equivalent age, but not all predict an adverse neurodevelopmental outcome. In 

a recent 3T MRI study of preterm infants born < 33 weeks gestation it was seen 

that 76% of infants had acquired lesions on term equivalent age (TEA) MRI 

(Arulkumaran et al., 2020). However, for an infant with no focal lesion at TEA 

MRI is only 45% sensitive and 61% specific for normal neurodevelopmental 

outcome at 20 months age (Arulkumaran et al., 2020). 

 

In recent years it has been seen how MRI studies of preterm infants with 

moderate/severe (i.e., not mild) brain injury on conventional MRI have been 

shown to be strong predictors of neurodevelopmental outcomes (Anderson et 

al., 2017; Collins et al., 2021; Dimitrova et al., 2021a, 2021b; Hintz et al., 

2015; Parikh et al., 2020; Woodward et al., 2012, 2006). Similarly, a recent 

meta-analysis of MRI at TEA showed that MRI predicts cerebral palsy or low 

motor score on the Bayley Scale of Infant Development (BSID) with a range of 

positive predictive value of 60%-67% (Guillot et al., 2021).  

 

In contrast, for cognition, TEA magnetic resonance imaging (MRI) demonstrates 

low positive predictive value and high negative predictive value (Guillot et al., 

2021). Importantly, it was seen that the prognostic value of MRI did vary 

between studies, and the variance related principally to the tools used and the 

breadth of evaluation of brain abnormalities (Guillot et al., 2021). Other 

literature has found similar results regarding the prediction of 

cognitive/intellectual outcomes. In a systematic review of very preterm (VPT) 

infants undergoing TEA MRI showed that TEA MRI had limited ability to predict 

outcomes such as neurocognitive or behavioural impairments at 18 months 

corrected age (van’t Hooft et al., 2015). Further, Hintz et al. (2018, 2015) have 

recently indicated that adding MRI to early and late cUS did not improve 

prediction of severe intellectual disability or neurodevelopmental impairment at 

6 to 7 years of age (Hintz et al., 2018, 2015). 

 

In Ireland it is not current clinical practice to provide routine TEA MRI for VPT 

infants. However, as suggested in the review by Hand et al., term MRI is offered 

to high-risk infants (infants with grade 3 or 4 IVH, seizure, severe sepsis, other 
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severe infection/inflammation) however only after a conversation with the 

family regarding the limitations of this test for estimation of long-term prognosis 

(Hand et al., 2020). 

 

1.3.2.1 Advanced anatomical MRI 

 

In recent years more advanced anatomical MRI techniques have shown promise 

as potential biomarkers. Many of these use objective scoring systems and/or 

measure new surface-based parameters. 

 

In a study of very preterm born infants, researchers combined TEA quantitative 

mapping of periventricular white matter lesions with a simple clinical 

classification tool. In so doing it was seen that impairments in visual, motor, 

and cognitive functions, and pre-school age outcomes could be predicted 

(Cayam-Rand et al., 2019). In a study of VPT infants without severe brain injury 

on MRI, multivariable linear regression was used to assess the value of diffuse 

white matter abnormality (DWMA) volume to predict cognitive and language 

scores on BSID at 2 years corrected age. While controlling for known predictors 

of Bayley-III scores (i.e., socioeconomic status, gestational age, sex, and global 

brain abnormality score), it was seen that DWMA volume remained a significant 

predictor of cognitive and language scores at 2 years (Parikh et al., 2020). In 

another study from the dHCP group (London, UK) including VPT infants, 

multivariable regression models were used (adjusting for GA, sex, 

socioeconomic status, and injury score on MRI) and showed that regional 

measures of surface area and curvature independently explained more than 

one-third of the variance in cognitive and language scores at 2 years corrected 

age (Kline et al., 2019).  

 

Engelhardt et al. have studied folding of the cortex in VPT infants (without major 

brain injury on conventional MRI) by using cortical cartography methods 

(cortical surface area/gyrification index). They have shown that both the 

antenatal growth and the preterm postnatal course disrupts cortical 

development (insula, superior temporal sulcus, and ventral portions of the pre- 

and postcentral sulci in both hemispheres) with abnormalities evident at TEA 

(Engelhardt et al., 2015). 
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In summary, while these advanced anatomical MRI methods have shown 

links/correlation with later neurodevelopment, these methods have not yet been 

tested as prognostic indicators in the clinical domain. 

 

1.3.3 Diffusion MRI 

 

Diffusion MRI (dMRI) characterizes the direction-dependent diffusion of water 

molecules in the brain and is contingent on the organisation and density of 

axonal fibres. Diffusion MRI has been used to examine structural connectivity 

(cf. functional MRI connectivity) and microstructural injury in preterm infants. 

 

In preterm infants, diffusion MRI has revealed significant differences in the 

microstructure throughout the white matter and altered structural brain 

networks as early as term equivalent age (Ball et al., 2013, 2010; Barnett et 

al., 2018; Batalle et al., 2017; Counsell et al., 2006; Dimitrova et al., 2020; 

Parikh et al., 2020). Data also suggests that, while individual risk factors are 

associated with altered dMRI characteristics in the white matter, exposure to 

‘cumulative’ risk factors during the preterm period is associated with an 

increased vulnerability for white matter injury (Barnett et al., 2018). 

 

In a study of preterm infants (without focal abnormality on anatomical MRI), 

dMRI at TEA was correlated with structural connectivity between the thalamus 

and the cortex at term, and this mean thalamocortical connectivity across the 

cortex explained 11% of the variance in cognitive scores (BSID) at 2 years age 

(Ball et al., 2015).  

 

Using dMRI in older, ex-preterm, infants has also shown impaired structural 

connectivity and correlations with NDV outcomes. In as study of very preterm 

infants using dMRI scanning at 7 years of age, it was seen that infants with 

lower gestational age at birth, infection, or higher neonatal brain abnormality 

score, had reduced structural connectivity at 7 years and this was predictive of 

impaired intelligence quotient (Thompson et al., 2016). 
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1.3.4 Electroencephalography 

 

In addition to MRI, investigators have looked at electroencephalography (EEG) 

as a potential biomarker of neurodevelopmental outcomes of VPT infants. This 

stems from the realisation that while WMI is associated with a reduction in 

cortical complexity and volume (and with neurodevelopmental impairment), 

that grey matter damage, due to loss of connections rather than cell loss, is also 

a major factor in long-term disability (Dean et al., 2014). 

 

Compared to other imaging modalities EEG has good temporal resolution and 

whole-cortex coverage, but poor spatial resolution. To date most systematic 

reviews and meta-analyses have included mostly studies of amplitude-

integrated EEG (aEEG) rather than raw (12-lead) EEG. In a study of VPT using 

an aEEG scoring system (Burdjalove score) it was seen that the predictive value 

of the aEEG score for neurodevelopmental outcome at 2 years age (BSID) was 

low (Burger et al., 2020). Similarly in a prospective cohort study in VPT infants 

who underwent continuous aEEG during the first 4 days of life, it was seen on 

univariate analyses that there were some associations between aEEG and 

cognitive outcomes, but these were no longer significant after adjustment for 

confounders (Feldmann et al., 2020).  

 

In a meta-analysis by Fogtmann et al. (2017) the prognostic test accuracy of 

aEEG or conventional EEG early in life in preterm infants was examined with 

respect to prediction of later neurodevelopmental outcome. All studies included 

were at high risk of bias and heterogeneity was evident among the studies 

(heterogeneity in aEEG and EEG variables, neurodevelopmental outcomes, and 

threshold values). Ultimately investigators recommended that the prognostic 

value of aEEG and EEG should be used only as a scientific tool at present 

(Fogtmann et al., 2017). 
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1.4 FUNCTIONAL MRI 

1.4.1 Introduction to functional MRI 

 

In 1990 Ogawa identified the Blood Oxygen Level Dependent (BOLD) signal as 

a potential signal for functional imaging of the brain, and Kwong and Ogawa 

produced the first images using BOLD as an endogenous contrast agent in 1992 

(Kwong et al., 1992). This BOLD signal is the most used MRI measure of brain 

function. The BOLD signal relies on the fact that haemoglobin has different 

magnetic properties when bound to oxygen, and as such it acts as an 

‘endogenous contrast agent’ with good contrast to noise and spatial specificity 

when measured using T2*-weighted MRI sequences (Logothetis et al., 2001). 

Specifically, oxy-haemoglobin is diamagnetic, i.e., weakly repulsed from 

magnetic fields, and deoxy-haemoglobin is paramagnetic, i.e., attracted to 

externally applied magnetic fields, and so a change in their ratio leads to a 

susceptibility difference between the blood and its surrounding tissue (Pauling 

and Coryell, 1936).  

 

As neuronal activity is accompanied by an increase in blood flow to the local 

blood vessels and by an increased demand for oxygen, an increase in blood flow 

results in a change in the ratio of oxygenated to deoxygenated haemoglobin 

which is measured by the blood oxygenation level dependent (BOLD) signal used 

in functional MRI (fMRI). MR pulse sequences sensitive to T2* show a stronger 

signal where there is more oxygenated blood. This small signal increase is the 

BOLD signal that is recorded during an fMRI timecourse (Huettel et al., 2014).  

 

The haemodynamic response function (HRF) to a specific stimulus reflects the 

changes in blood flow that accompany the timecourse of the BOLD signal 

change, which is delayed from the onset of neural activity by a few seconds. 

The signal increases about 2 seconds after neural activity increases then reaches 

a plateau at 5 to 8 seconds. After the neuronal activity/stimulation stops the 

signal falls to baseline in 8 to 11 seconds, after briefly dipping below the baseline 

(a phenomenon known as the undershoot) (Huettel et al., 2014). Interestingly 

there is both a longer time to peak of the HRF and a decrease in peak amplitude 

of the HRF in infants relative to adults (Figure 1-1). 
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Figure 1-1 Peristimulus timeseries plots. 

Arichi, T., Fagiolo, G., Varela, M., Melendez-Calderon, A., Allievi, A., Merchant, 

N., Tusor, N., Counsell, S.J., Burdet, E., Beckmann, C.F., Edwards, A.D., 2012. 

Development of BOLD signal hemodynamic responses in the human brain. 

NeuroImage 63, 663–673. 

https://doi.org/10.1016/j.neuroimage.2012.06.054. Peristimulus timeseries 

plots for the (a) adult; (b) term equivalent infant; (c) preterm infant groups. A 

decrease in the time to peak of the HRF, and an increase in peak amplitude is 

seen with increasing age. 

 

The HRF is thought to be tightly spatially coupled to electrodynamics which gives 

the BOLD signal an excellent spatial resolution. Also, as changes in 

haemodynamics in the brain occur in reaction to neuronal activity, the MRI 

signal changes in real-time. As such, changes in the voxel intensity over time 

can suggest where and when the neuronal activity is occurring. By repeatedly 

measuring BOLD signal over a period of time (i.e. multiple images/volumes), 

relative increases and decreases of the signal can be interpreted as changes in 

activity (Logothetis et al., 2001). 

 

In typical task-based fMRI, the BOLD signal is recorded throughout an entire 

task, and then subdivided at the analysis stage into different conditions, usually 

“on” (experimental) and “off” (baseline) trials. By revealing the differential 

https://doi.org/10.1016/j.neuroimage.2012.06.054
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haemodynamic responses associated with each condition, this comparative 

approach produces results detailing brain regions believed to be implicated in 

the various mental operations required to complete the task.  

 

In resting state fMRI (rsfMRI), however, the awake participant (adult in this 

example) is either staring at a crosshair in the scanner or is with eyes shut (i.e. 

no specific task). Among the benefits of rsfMRI over task-based fMRI is that it 

can be used even in those individuals who are unable to perform an in-scanner 

task, due to age (e.g., infants) or clinical status (e.g., who may be unable to 

produce a motor response). 

 

1.4.2 Functional connectivity MRI 

 

Functional connectivity (FC) is defined as the temporal dependence of neuronal 

activity patterns of anatomically separated brain regions (Aertsen et al., 1989; 

Friston et al., 1993). 

 

In a groundbreaking experiment showing how a task activation map and a 

resting state correlation map showed many spatial similarities , Biswal et al. 

(1995) were the first to show that intrinsic fluctuations at rest hold information 

about the inherent functional organization of the brain (Biswal et al., 1995). 

These intrinsic fluctuations have low frequency (<0.1 Hz) (Biswal et al., 1995) 

and as they represent brain region activity during rest, they were termed 

resting-state fMRI (Biswal et al., 1995; Cordes et al., 2001; Lowe et al., 1998).  

 

Functional connectivity is formally defined as any statistical relation between 

time series (Friston, 2011) and it is typically estimated using a Pearson 

correlation between the BOLD time series of two brain regions of interest. 

Pearson’s correlation values range from -1 (fully negative) to +1 (fully positive), 

and 0 indicates no relationship between the two signals. 

 

The two most used approaches in FC MRI analysis included independent 

component analysis and seed-based analysis. Independent component analysis 

is a data-driven method that defines resting state networks (RSNs) by 

subdividing the rs-fMRI sequences into spatial components that have similar 
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temporal patterns. Seed-based methods define a region-of-interest, or “seed 

region,” and then study how the time series of the BOLD signal in such “seed 

region” is correlated with the time series of all other voxels in the brain, 

producing correlation coefficients that define levels of connectivity between the 

“seed region” and the rest of the brain (Bijsterbosch et al., 2017) (Figure 1-2). 

 

 

 

Figure 1-2 Schematic of resting-state fMRI. 

(van den Heuvel, M.P., Hulshoff Pol, H.E., 2010. Exploring the brain network: 

A review on resting-state fMRI functional connectivity. European 

Neuropsychopharmacology 20, 519–534): Conventional task-dependent fMRI 

can be used to select a seed region of interest (panel b). To examine the level 

of functional connectivity between the selected seed voxel i and a second brain 

region j (for example a region in the contralateral motor cortex), the resting-

state time-series of the seed voxel is correlated with the resting-state time-

series of region j (panel c). A high correlation between the time-series of voxel 

i and voxel j is reflecting a high level of functional connectivity between these 

regions. Furthermore, to map out all functional connections of the selected 

seed region, the time-series of the seed voxel i can be correlated with the time-

series of all other voxels in the brain, resulting in a functional connectivity map 

that reflects the regions that show a high level of functional connectivity with 

the selected seed region (panel d). 
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1.5 FUNCTIONAL CONNECTIVITY MRI IN 

ADULTS/ADOLESCENTS 

 

Several adult studies FC MRI studies have shown a high level of functional 

connectivity between the homologous regions in the two hemispheres, and also 

between regions of other known functional networks, like the primary visual 

network, auditory network and higher order cognitive networks (Biswal et al., 

1997; Buckner et al., 2008; Cordes et al., 2000; De Luca et al., 2006; Greicius 

et al., 2003; Morgan et al., 2018a; Vertes et al., 2012). 

 

FC MRI has proven valuable for its ability to discriminate individual differences 

and patient groups. Multivariate machine learning approaches have shown that 

there is information in FC MRI to classify healthy adults from clinical populations 

including ADHD (Lake et al., 2019), schizophrenia (Bassett et al., 2012; Liu et 

al., 2011), Alzheimer’s disease (Koch et al., 2012), major depressive disorder 

(Craddock et al., 2009), and autism (Nielsen et al., 2013). Further, adult FC 

MRI research has shown how these functional networks change during 

physiological/pathological development with age (Gao et al., 2015a; Morgan et 

al., 2018b; Vertes and Bullmore, 2015) and that these changes can be linked 

with individual behaviour (Finn et al., 2015; Gordon et al., 2017; Gratton et al., 

2018; Rosenberg et al., 2016).  

 

Interestingly, FC MRI studies of preterm born adults have also shown differences 

in FC networks versus controls (White et al., 2014), with differences in FC 

associated with preterm adult intelligence (Bäuml et al., 2017), preterm adult 

language (Constable et al., 2013), preterm adult emotional processing (Ho et 

al., 2015; Johns et al., 2019).  

 

1.6 FUNCTIONAL CONNECTIVITY MRI IN INFANTS 

 

In recent years, a growing literature regarding the infant functional connectome 

has developed. Precursors of mature functional networks have been observed 

as early as during the foetal period (Turk et al., 2019). Studies of infant FC MRI 

at birth have shown infant functional networks appearing more mature in the 

sensorimotor networks (e.g. somatosensory, motor, visual, and auditory) 
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compared to the association networks (e.g. default mode, executive control, 

and attention networks) (Doria et al., 2010; Eyre et al., 2021; Fransson et al., 

2007; Gao et al., 2015a; Linke and Cusack, 2015; Smyser et al., 2011, 2010).  

 

Initially, higher-order networks were thought topologically incomplete in 

neonates but then to show increasing connectivity during infancy (Fransson et 

al., 2011; Gao et al., 2015b, 2015a). However, recent work has suggested that 

indeed adult-like functional networks are evident in asleep neonates under 

specific experimental parameters: network-detection algorithms tuned to long-

range connections; using surface-based registration (versus volume-based 

registration), and when per-subject data quantity increases (Sylvester et al., 

2022). Also, in a recent large cohort of term born infants scanned at 37 – 43 

weeks post-menstrual age (PMA), an adult-like topology was found in RSNs in 

the primary sensory, motor, visual, and auditory cortices, while in association 

RSNs maturation in FC was also found across the age span (Eyre et al., 2021).  

 

Preterm birth can affect the functional connectome. In preterm infants, RSNs 

have been identified as young as 29 weeks PMA (Doria et al., 2010) and even 

at 26 weeks PMA (Smyser et al., 2010). It is known that the immature brain is 

susceptible to injury inherent to both being born early and living in the NICU 

environment until term corrected age (Brummelte et al., 2012; Ferguson et al., 

2012; Smith et al., 2011). Despite no macroscopic injury (conventional MRI or 

cUS), studies have shown various network-specific differences in resting-state 

functional MRI (rsfMRI) connectivity between very preterm and term infants 

when scanned at term equivalent age (Ball et al., 2016; C. D. Smyser et al., 

2016b). Further, Eyre et al. found that preterm birth is associated with 

decreased functional connectivity at term across all defined RSNs in a dose-

dependent manner (Eyre et al., 2021).  

 

Neuro-pathologies associated with the preterm neonate (such as post-

haemorrhagic or moderate/severe DWMA) have been shown to result in 

differences in functional connectivity at term equivalent age (Arichi et al., 2014; 

Duerden et al., 2019; He and Parikh, 2015; Smyser et al., 2013). These 

disruptions to functional networks in graduates from the NICU have been shown 

to correlate significantly with motor impairment at 4 and 8 months of age (Linke 
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et al., 2018), cognitive and motor impairment (Peyton et al., 2020) and 

behavioural inhibition at age 2 years (Sylvester et al., 2018).  

 

1.7 FUNCTIONAL CONNECTIVITY MRI AS A POTENTIAL 

BIOMARKER IN INFANTS 

 

Resting state fMRI during the pre-verbal (infant), task-competent 

(infant/toddler) periods has the potential to act as a marker of later 

neurodevelopment (Cusack et al., 2018; Linke et al., 2018). An earlier ability to 

identify an individual with an atypical developmental trajectory might facilitate 

more accurate diagnoses and prognoses of developmental disorders and lead to 

earlier and individualized treatment (Ciarrusta et al., 2020; Emerson et al., 

2017; Horien et al., 2022). 

 

Functional connectivity analyses increase the features under study by a power 

of two—from univariate activity in N brain regions to interactions between ‘NxN 

pairs’ of brain regions. This vastly expands the space for both within- and 

between-subject variation (Finn et al., 2017). It is this principal that drives the 

idea of a distinct/unique FC RSN pattern that is unique to the individual (termed 

the ‘connectome’).  

 

Functional connectome fingerprinting using fMRI was first reported by Miranda-

Dominguez et al. where they showed how a model-based approach toward 

characterizing rsfMRI was capable of identifying a so-called ‘‘connectotype’’, or 

functional fingerprint in individual adult participants. Using a simple linear model 

(that proposed that the activity of a given brain region can be described by the 

weighted sum of its functional neighbouring regions), they showed that the 

resulting coefficients corresponded to a personalized model-based connectivity 

matrix that was capable of predicting the timeseries of each subject (Miranda-

Dominguez et al., 2014). They further showed that the model’s ability to 

discriminate an individual was driven by unique connections in higher order 

control regions in frontal and parietal cortices (Miranda-Dominguez et al., 

2014). In 2015 Finn et al. devised their method of functional fingerprint 

identification and showed that fingerprint connectivity profiles predicted levels 

of fluid intelligence in adults (Finn et al., 2015). Importantly, these individual 
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differences in brain connectivity have been shown to be predictive of individual 

differences in behaviour in adults (Finn et al., 2015; Ousdal et al., 2020).  

 

Kaufman et al. averaged fingerprint identification accuracy across various tasks 

and defined this as ‘connectome distinctiveness’, as it resembled how well an 

individual’s connectome discriminates that person from the rest of the cohort. 

They showed how connectome distinctiveness increased with age with the most 

significant increase coinciding with puberty (slopes peaking at 14.5 ± 1.8 years) 

(Kaufmann et al., 2017). These researchers also demonstrated how a delay in 

this differentiation period is associated with mental health problems, with 

weaker connectome distinctiveness reflecting higher level of symptom burden 

(Kaufmann et al., 2017).  

 

Since this early work individual functional connectomes have been shown to be 

predictive of age in older children and adults (Nielsen et al., 2019), cognitive 

ability in adults (Finn et al., 2015; Rosenberg et al., 2016; Sripada et al., 2020; 

Yamashita et al., 2018) and risk of autism in infants/children (Emerson et al., 

2017) and autism/ADHD scores in adults (Lake et al., 2019). It is this ability to 

map individual brains to individual behaviours that is crucial to developing 

neuroimaging based biomarkers (Finn et al., 2017). 

 

Recently, a number of groups have used fingerprinting to test whether stable 

individual differences in the functional connectome are present in infants 

(infants less than 1 year of age) (Ciarrusta et al., 2021; Dufford et al., 2021a; 

Hu et al., 2021a; Q. Wang et al., 2021; Y. Wang et al., 2021). To date, these 

results are quite disparate and reasons for this are analysed and discussed in 

this thesis. 

 

Another research method taking advantage of this unique functional 

connectome is the investigation of ‘brain age’. Using the functional connectome 

and mathematical models, brain age studies examine the difference between 

the predicted versus observed chronological age of an individual, assessing 

which RSNs are driving any difference, and whether a difference may be related 

to an individual’s behaviours/development. Through this idea of predicting brain 

age using rsfMRI, is hoped to allow identification of functional connectivity 
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architecture during brain development, and as such the potential to find 

biomarkers of typical and atypical neurodevelopment.  

 

Brain age analyses have been studied in adult groups (Meier et al., 2012) and 

in adolescent/younger adult groups (Dosenbach et al., 2010). Only a few studies 

have used functional connectivity brain age analyses in children including 

toddlers (Kardan et al., 2022) and infants (aged 6 – 12 months) (Pruett et al., 

2015). These early studies have had some success and results from these early 

studies are discussed in this thesis. 

 

1.8 BRAIN STATE IN INFANT FUNCTIONAL CONNECTIVITY 

 

Until recently, most infant fMRI studies have included infants asleep (Figure 

1-3). It has been felt that the ability to study infants who are awake is typically 

precluded by patient motion during acquisition, with reports of neonates studied 

while awake particularly limited (Hendrix and Thomason, 2022). However, it is 

hypothesised that brain state (asleep versus awake) might impact the functional 

connectome and its potential characteristic as a neuroimaging biomarker.  

 

 

 

Figure 1-3 Research summary of developmental connectomics from infancy to 

early childhood. 

(Cao, M., Huang, H., He, Y., 2017. Developmental Connectomics from Infancy 

through Early Childhood. Trends Neurosci 40, 494–506. 

https://doi.org/10.1016/j.tins.2017.06.003): The publications are 

https://doi.org/10.1016/j.tins.2017.06.003
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summarized and plotted as distribution histograms according to their 

publication years (a), age span (b), imaging modality (c) as well as pie charts 

regarding sample size (d), sample design (e), and scanning status (f). sMRI, 

structural MRI; dMRI, diffussion MRI; fMRI, functional MRI; EEG, 

electroencephalography; fNIRS, functional near-infrared spectroscopy 

 

Indeed, in the very first awake infant fMRI study (Dehaene-Lambertz, 2002) 

brain activity evoked by speech was assessed in a small group of awake and 

asleep 3 month old infants. This study showed that listening to speech activates 

a large subset of the temporal lobe, with a significant left-hemispheric 

dominance in both awake and asleep infants. However, additional activation in 

right prefrontal cortex was seen only in ‘awake’ infants (Dehaene-Lambertz, 

2002). 

 

In 2004 a research group devised a technique known as ‘inter-subject functional 

connectivity (ISFC)’ analysis in order to detect similar spatiotemporal activity 

patterns in adults experiencing the same stimulus (movie) (i.e. stimulus driven 

synchronisation of brain responses across people) (Hasson et al., 2004). 

Adopting this ISFC method, recent fingerprinting studies (using rest and movie 

conditions) have shown that, despite the fact that a shared stimulus would be 

presumed to decrease between-subject variability (less unique), in fact 

individual differences in connectome (both activity and functional connectivity) 

persisted above the shared response (Finn et al., 2020; Vanderwal et al., 2017; 

Wang et al., 2017). In addition, one study has shown that data collected during 

movie watching in a cohort of adults (Human Connectome Project dataset) 

improved functional connectivity-based behaviour prediction (cognition and 

emotion scores) compared to data from the same adults collected at rest (Finn 

and Bandettini, 2021). These findings suggest that movie watching may fall into 

the “spotlight” category of conditions/states making them desirable for 

individual differences research (Finn et al., 2017).  

 

Applying movie watching to infant FC MRI paradigms may not only increase 

individual differences (movies versus asleep brain state) in the connectome, but 

may also lend itself to improved compliance in the scanner (Vanderwal et al., 

2015). However, to date no literature exists comparing awake (movies) and 

asleep state functional connectivity in infants in the same session. It is unknown 

whether awake infant state (movie watching) also enhances individual 
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variability in connections, and perhaps more precise relationships with 

behaviours (i.e. potential to act as a neuroimaging biomarker).   
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1.9 AIMS AND OBJECTIVES OF THIS THESIS 

 

As an infant’s first year of life is rich in brain growth and development, this 

period has the potential for functional fingerprinting to act as a biomarker of 

brain development. While infant fMRI fingerprinting is a relatively new area of 

research already various research groups have published mixed/conflicting 

results. This thesis aimed to investigate some confounding variables that impact 

infant functional fingerprinting success. It was hoped that lessons learned would 

inform future infant fingerprinting studies.  

 

In this thesis it was decided to prioritise the awake (movie watching) state, with 

infants viewing of naturalistic movie clips and picture stimuli. Awake infant fMRI 

is challenging, and this study aimed to investigate what factors lead to 

successful data collection and a positive experience for the infant participant, 

parents and researchers.  

 

One obvious fact in MRI functional connectivity neuroimaging research is that 

comparing asleep infant data to awake child/adult data is not a pure comparison 

due the difference in brain state. This thesis aimed to assess whether the 

functional connectivity (connectome) is impacted by state (asleep/awake), and 

whether the strength and pattern of functional networks/edges would differ 

between infant states. It was hypothesised that due to the visual stimulus, that 

the awake state would contain additional/evoked connectivity. How this 

additional/evoked connectivity compares to previous (traditional) asleep 

connectivity was to be assessed. 

 

It was felt that differences in functional connectomes between states may be 

subtle and as such it was decided to explore the use of simple machine learning 

models as a method of further analysis of infant connectomes. Using these 

machine learning models it was hoped that there may be a difference in 

classification/prediction of dependent variables (birth gestation and brain/scan 

age) between data from asleep versus awake states, highlighting any predictive 

connectivity features/edges that lend towards greater success.  
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CHAPTER 2 FUNCTIONAL CONNECTOME 

FINGERPRINTING IN INFANTS – IMPORTANT 

CONFOUNDS 
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2.1 ABSTRACT 

Individuals differ in their functional connectome, which can be demonstrated 

using a “fingerprinting” analysis in which the connectome from an individual in 

one dataset is used to identify the same person from an independent dataset. 

Recently, the origin of these fingerprints has been studied by examining if they 

are present in infants. The results have varied considerably, with identification 

rates from 10-90%. When fingerprinting has been performed by splitting a 

single imaging session into two split-sessions (within session), identification 

rates were higher than when two full-sessions (between sessions) were 

compared. This study examined whether a methodological difference could 

account for this variation. It was hypothesized that the infant’s exact head 

position in the head coil may affect the measured connectome, due to the 

gradual inhomogeneity of signal-to-noise in phased-array coils and the breadth 

of possible positions for a small infant head in a head coil. This study examined 

the impact of this using resting state functional MRI data from the Developing 

Human Connectome Project second release. Using functional timeseries, 

fingerprinting identification was high (84-91%) within a session while between 

sessions it was low (7%).Using N=416 infants’ head positions, a map of the 

average signal-to-noise across the physical volume of the head coil was 

calculated and was used (independent group of 44 infants with two scan 

sessions) to demonstrate a significant relationship between head position in the 

head coil and functional connectivity. Using only the head positions (signal-to-

noise values extrapolated from the group average map) of the independent 

group of 44 infants, high identification success was achieved across split-

sessions (within session) but not full-sessions (between sessions). Using a 

model examining factors influencing the stability of the functional connectome, 

head position was seen as the strongest of the explanatory variables. We 

conclude within-session fingerprinting is affected by head position and future 

infant functional fingerprint analyses must use a different strategy or account 

for this impact. 
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2.3 INTRODUCTION 

 

In the Human Connectome Project a large cohort of adults was scanned twice, 

and the functional connectivity MRI pattern (functional connectome) from a 

person in the first scan could be used to find that person among the 

connectomes from the second scans with high accuracy – a procedure that has 

been dubbed “fingerprinting” (Finn et al., 2015). Fingerprinting shows that a 

significant proportion of individual variance in functional connectivity is trait-

like, or intrinsic to the participant and constant across time, and only weakly 

impacted by the modulations in brain state that occur across sessions (Finn et 

al., 2015; Miranda-Dominguez et al., 2014). Importantly, these individual 

differences in brain connectivity have been shown to be predictive of individual 

differences in behavior in adults (Finn et al., 2015; Ousdal et al., 2020). This 

suggests that fingerprinting captures a functionally important component of the 

connectome. 

 

Recently, a number of groups have used fingerprinting to test whether stable 

individual differences in the functional connectome are present in infants 

(infants less than 1 year of age) (Ciarrusta et al., 2021; Dufford et al., 2021a; 

Hu et al., 2021a; Q. Wang et al., 2021; Y. Wang et al., 2021). The results are 

quite disparate. A cohort of 31 asleep preterm infants scanned in two rsfMRI 

sessions separated by a few weeks had an identification rate of just 3/31 (10%) 

(Ciarrusta et al., 2021). In another cohort of 30-40 term infants scanned at 1 

month and 9 months the identification rate was 50-65% (Dufford et al., 2021a). 

A rsfMRI study of 239 asleep infants (aged 39 – 59 weeks PMA) reported 

moderate-to-good reliability (intraclass correlation 0.40 – 0.78) (Y. Wang et al., 

2021). A recent study of 40 healthy term infants scanned asleep at 1 week of 

age, found a connectome identification rate of 100%, leading the authors to 

report that the connectome fingerprint is already present in neonates (Q. Wang 

et al., 2021). 

 

It is believed that a methodological difference may be largely responsible for 

the disparity of these results, namely whether fingerprinting is calculated by 

comparing two different scanning sessions or is derived from within a scanning 
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session. A straightforward way to conduct fingerprinting within a session, for 

example, is to compare the connectome derived from the first half of a rsfMRI 

session with the connectome from the second half of the same session (Q. Wang 

et al., 2021). Supporting the importance of this methodological difference, in a 

study using both methods, the reported across-session identification was much 

lower (13-20%) than within-session identification (50-65%) (Dufford et al., 

2021a).  

 

Two explanations were considered for why across-session identification was 

lower than within-session identification: 

 

One explanation is that the connectome may be unstable in the infant brain. 

The extent to which the functional connectome is reproducible across time at 

the participant level (i.e., “stable”) is an area of much interest in recent years. 

It has been shown to be stable across ‘days to weeks’ in adults (Finn et al., 

2017, 2015; Horien et al., 2019; Kaufmann et al., 2018; Miranda-Dominguez 

et al., 2014; Vanderwal et al., 2017) with identification accuracies up to 

approximately 90%. Further, the functional connectome has been seen to be 

stable across ‘years’ in children/youths and adults (Jalbrzikowski et al., 2020; 

Miranda-Dominguez et al., 2018). However, it might be that in the highly plastic 

and rapidly changing infant brain, connectomes are unstable within an individual 

infant. Across the 8-month gap between the two scans in the Yale group study 

(Dufford et al., 2021a), there are large changes in functional brain organization. 

Synaptic connections change rapidly through the first year (Huttenlocher and 

de Courten, 1987). Myelination commences at approximately 20 weeks PMA and 

rapidly progresses over the first 2 years of infant life (Barkovich, 2005); and 

neurovascular changes in infants occur over a matter of days, which will affect 

the functional MRI (fMRI) signal (Kozberg and Hillman, 2016). The instability of 

the infant connectome may lead to lower across-session than within-session 

fingerprint identification rates.  

 

In contrast to the idea that the infant connectome is unstable is a recent 

publication from the Baby Connectome Project (Hu et al., 2021a) which has 

reported higher identification rates suggesting that infant connectomes are 

unique and stable over months. In this study 104 term born infants were 

scanned at least twice at different sessions (between ages 16 – 874 days) 
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resulting in 806 longitudinal rsfMRI scans. The study used a fine-grained infant-

specific mid-cortical functional parcellation map with 602 cortical regions-of-

interest (ROIs) (higher parcellation is known to improve connectome 

distinctiveness). Importantly this study used feature selection-based 

identification by estimating the differential capability of an edge by its standard 

deviation (SD) across subjects. The peak threshold value for SD was found to 

be 0.95 – 0.98 for optimum identification rate and using this optimum threshold 

the correct identification rate was approximately 66% across the group (in 

contrast to 47% without feature selection) (Hu et al., 2021a). 

  

A second explanation for why across-session identification is lower than within-

session identification is that within-session fingerprinting may be affected by an 

artifact of the acquisition process, the head position in the MRI head coil. Head 

coils with many receiving coils are used for fMRI to provide high signal-to-noise, 

but these are gradually inhomogeneous across the volume of the head coil, with 

the signal closest to the receiver elements a factor of 2 – 3 times higher than in 

the center of the coil (Ghotra et al., 2021; Hughes et al., 2017). Despite using 

the same head coil, different infants will have different head positions due 

variable initial placement of the head, followed by idiosyncratic application of 

the head cushions on each side of the infant’s head. As a result, head position 

will be more similar within a session compared to between different sessions. If 

the signal-to-noise  field was completely homogenous, or completely 

heterogenous, head position would not lead to signal-to-noise ratio (SNR) 

differences. However, as the signal-to-noise field has a gradual inhomogeneity 

with smooth changes then head position may lead to substantial modulations in 

SNR. In this case a small amount of head position change (common within 

session, i.e. across split-session analyses) will lead to only small changes in 

SNR, but larger differences in head position (common between sessions, i.e. 

across full-session analyses) will lead to larger differences in SNR (and resulting 

functional connectivity pattern). As a result, the similarity of the functional 

connectome may be more similar during split-session analyses due to this 

similarity of head position (SNR artifact). Put in another way, within session 

fingerprinting may be decoding head position in the MRI scanner, rather than, 

or in addition to, capturing individual differences in the brain connectivity.  
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2.3.1 Aims and objectives 

 

The aim of this study was to investigate factors leading to increased infant 

functional fingerprinting ability when comparing within-session analysis to 

across-session analysis.  

 

To achieve this aim the following objectives were tasked: 

 

- To calculate functional connectivity using fMRI data from a large cohort 

of infant participants 

- To compare functional connectome identification (fingerprinting) ability 

from within-session versus across-session analyses 

- To determine whether infant head position in the head coil has an impact 

on the fingerprinting ability 

- To investigate other confounders/variables that likely also impact 

fingerprinting ability 

- To discuss important learning/decisions for future infant fingerprinting 

studies. 
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2.4 METHODS 

 

2.4.1 Cohort and pre-processing details 

 

Open data from the Developing Human Connectome Project (dHCP) second 

release (http://www.developingconnectome.org/data-release/second-data-

release/) was used. Infants were recruited and imaged at the Evelina Newborn 

Imaging Centre, St Thomas’ Hospital, London, United Kingdom. Minimal 

accompanying metadata was issued with the dHCP Data Release 2.0. 

 

Rs-fMRI data had been obtained using multiband x9 acceleration echo-planar 

imaging (TE/TR: 38/392 ms) providing 2300 volumes with an isotropic 

resolution of 2.15 mm. fMRI data was pre-processed as per the dHCP Data 

Organization (http://www.developingconnectome.org/data-release/second-

data-release/release-notes/) and as stipulated in the dHCP publication 

(Fitzgibbon et al., 2020). 

 

The main steps of the pre-processing pipeline included (Fitzgibbon et al., 2020): 

- Estimation of the susceptibility distortion field 

- Registration of blood oxygen level dependent (BOLD) images with 

native T2 space and the neonatal atlas space 

- Susceptibility and intra- and inter-volume motion correction (slice-to-

volume motion correction, dynamic susceptibility distortion correction, 

and estimation of motion nuisance regressors) (Andersson et al., 

2017) 

- FSL TOPUP (Andersson et al., 2003) was used to estimate the 

susceptibility-induced off-resonance field (creating a voxel 

displacement field). Further, FSL EDDY was used to correct for the 

susceptibility-by-movement distortion by estimating rate-of change of 

off-resonance fields with respect to subject orientation (Andersson et 

al., 2001, 2018) 

- Denoising: regression of signal artifacts related to head motion, 

cardiorespiratory fluctuations and multiband acquisition, together with 

single-subject ICA noise bespoke components identified with the 

FMRIB’s ICA-based Xnoiseifier (FIX) (Salimi-Khorshidi et al., 2014). 

http://www.developingconnectome.org/data-release/second-data-release/
http://www.developingconnectome.org/data-release/second-data-release/
http://www.developingconnectome.org/data-release/second-data-release/release-notes/
http://www.developingconnectome.org/data-release/second-data-release/release-notes/
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Following pre-processing and quality control 512 fMRI sessions were included in 

the dHCP data release (416 participants with 1 scan, 48 participants with 2 

scans). The 416 participants with one scanning session included 34 who were 

born preterm and 382 who were born term.  

 

The infants with two rsfMRI scanning sessions (n = 48) were born between 25 

– 37 weeks post-menstrual age (PMA) (median 31.7 weeks PMA, IQR 5.8 weeks) 

and scanned first (preterm session) between 29 – 37 weeks PMA (median 34.9 

weeks PMA, IQR 2.5 weeks) and again (term session) at term age (median 41 

weeks PMA, IQR 2.1 weeks). These infants (n = 48) had a birth weight range 

between 0.54 kg and 3.06 kg (median 1.7 kg, IQR 0.9 kg), and consisted of 33 

males (15 females) and 31 singletons (17 multiples). MRI scans were reviewed 

for incidental findings by a specialist perinatal neuroradiologist who scored each 

subject using a radiological score (score range 1 to 5; a score of 3 or greater 

indicated incidental findings with either possible clinical and/or analysis 

significance). Of the 48 infants with two rsfMRI sessions, 28 had a radiological 

score of 3 or greater (17 had a score below 3, and 3 infants did not receive a 

score).  

 

 

2.4.2 Registration and Region-of-Interest analysis 

 

A region-of-interest (ROI) analysis was carried out using the Schaefer 400 

functional parcellation (Schaefer et al., 2018) in the individual infants’ functional 

spaces [See Appendix]. This functional parcellation has been shown to perform 

similarly to the Glasser multi-modal parcellation when evaluated using the 

‘distance-controlled-boundary-coefficient’ (a measure that allows for 

comparison of parcellation with different spatial resolutions)(Zhi et al., 2021). 

The adult T1 MNI-152 template was used facilitate registration of the Schaefer-

400 to the dHCP 40-week infant template (Schuh et al., 2018), following the 

procedure described in (Cabral et al., 2020). As the infant skull is very close to 

the cortex it was noted that the adult cortex registered to this and as a result 

the skull was removed from infant images by taking background tissue, label 4 

in the dHCP 40-week atlas (https://gin.g-node.org/BioMedIA/dhcp-volumetric-

https://gin.g-node.org/BioMedIA/dhcp-volumetric-atlas-groupwise
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atlas-groupwise), thresholding at 1000, inverting the mask, and applying it to 

the dHCP T1 infant template. It was also noted that registration led to the 

inferior visual cortex being dragged down, likely due to the small infant 

cerebellum, and so the cerebellum was masked out in the infant and adult 

templates. To do this in the adult template a mask of the cerebellar region 95-

120 (AAL3 template 62 from https://www.oxcns.org/aal3.html) was created, 

inverted, and applied to the T1 adult template. The infant cerebellum was 

masked using tissue type 6 (dHCP 40-week atlas), thresholding by 300, 

inverting, and applying the mask to the T1 40-week template. 

 

The transformation from the adult T1 MNI-152 template (cerebellum stripped) 

to the dHCP 40-week infant template (skull and cerebellum stripped) was carried 

out with ANTS (http://stnava.github.io/ANTs/). This transformation was then 

applied to the MNI-space Schaefer atlas. The FSL transform (provided by the 

dHCP release) was used to transform Schaefer-400 from the dHCP 40-week 

atlas space to the individual infants’ functional spaces. 

 

2.4.2.1 Quality Control 

 

Quality control showed that there were artifacts in rsfMRI images from some 

participants leading to signal loss in some ROIs. For each session, ROIs with a 

signal intensity less than 3 standard deviations below the mean across ROIs 

were defined as outliers. ROIs which met this outlier definition across >10% of 

the sessions were taken as ROI deviants and were removed, leaving 387 ROI 

(from original 400) for subsequent analysis (ROIs removed included bilateral 

prefrontal cortex lateroventral areas, limbic-temporal pole areas, and visual 

centers-extra striatal areas).  

 

A quality control of the FSL transform (used in this analysis to transform 

Schaefer-400 from the dHCP 40-week atlas space to the individual’s functional 

space) was also conducted. This quality control involved visualizing the overlay 

of the Schaefer-400 over both the functional brainmask and the mean BOLD 

image of the timeseries while in the individual functional space. This was done 

for all 96 sessions (48 participants with both preterm and term sessions from 

the dHCP Data Release 2.0, 2019). This FSL transform was adjudged to have 

been ineffective (in at least 1 of the 2 sessions) for 4 out of the 48 participants. 

https://gin.g-node.org/BioMedIA/dhcp-volumetric-atlas-groupwise
https://www.oxcns.org/aal3.html
http://stnava.github.io/ANTs/
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These 4 participants were removed leaving the cohort with 44 participants 

remaining (88 sessions). 

 

Motion can have a strong effect on rsfMRI, and even sleeping infants 

occasionally move in the scanner (Cusack et al., 2018). To quantify this, the 

mean framewise displacement in a session was used (Power et al., 2012). 

 

2.4.3 Connectivity and Connectome Stability calculations 

 

2.4.3.1 First order (across time) analysis 

Segments of the functional timeseries were derived from both full sessions (full 

timeseries, 2300 volumes, 15 mins) or split-sessions (partial timeseries). To 

create a split-session segment a session was split into two smaller segments by 

removing 60 seconds (154 volumes) from the middle of a session’s timeseries 

and labelling the two remaining sections as ‘split-sessions’ (Q. Wang et al., 

2021). 

 

Each segment was filtered to the functional connectivity (FC) frequency range 

(0.1 – 0.01 Hz) using nilearn 

(https://nilearn.github.io/modules/generated/nilearn.signal.clean.html). For 

each segment, the functional connectivity of every pair of ROIs was calculated 

using Pearson correlation (r) between their timeseries to yield the connectome. 

When a sample’s r value is near +1 or -1 its distribution is highly skewed, 

making it difficult to apply tests of significance for the population’s correlation 

coefficients. To tackle this, often Fisher’s r-to-Z transformation is used to yield 

a z-distribution that is approximately normally distributed (Bijsterbosch et al., 

2017). In this study’s case, a histogram of Pearson correlation values for all 

edges (387 x 387) for all 88 segments (44 participants with two runs/segments) 

was calculated and showed that nearly all r values were between -0.3 and +0.50 

(i.e. weak correlations with little skew), and such it was felt that there was no 

need for Fisher’s r-to-Z transformation of the first order correlations in this 

study. 

 

https://nilearn.github.io/modules/generated/nilearn.signal.clean.html
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2.4.3.2 Second order (across segment) analysis 

For correlation across segments (full or split-sessions) the similarity of the 

resulting ROI by ROI connectome for each participant’s first segment was then 

compared to each participant’s second segment using Spearman correlation 

(across-segment correlation). Following calculation of functional connectivity 

(Pearson correlation across the timeseries) it is well recognized that the 

resulting values may not be normally distributed (Kriegeskorte et al., 2008) and 

so a second order Pearson correlation would be inappropriate. As a result, 

Spearman correlation was used to assess the higher order (across full-sessions 

or across split-sessions) comparison of functional connectivity (ROI based 

edges). Spearman correlation has been used in other connectivity studies 

(Ahmadi et al., 2023; Gruskin and Patel, 2022; Mahadevan et al., 2021; Sun et 

al., 2022) and has been shown to be more powerful in non-linear, skewed data 

sets (Ahmadi et al., 2023). The within-participant Spearman correlation gives 

an indication of the stability of the connectome for that participant (a.k.a 

‘connectome stability’). 

 

2.4.3.3 Connectome stability based identification (fingerprinting) 

The connectome-based identification (ID) method followed that suggested by 

Finn et al. (Finn et al., 2015). Identification was performed across pairs of 

segments with the first order connectivity matrix from one segment the ‘target’ 

and the other the ‘database’. The target and database had to be selected from 

different timepoints (either across full-session segments, or, across split-session 

segments). Similarity was defined as the Spearman rank correlation coefficient 

between the various pairs of target and database matrices. If the target and 

database pair with the highest similarity originated from the same participant, 

this was considered a ‘match’. The percentage of participants where 

identification was correctly predicted was calculated for the total number of 

participants (44 participants). This ability to ‘match’ (highest similarity with self) 

is thought to be due to a connectome ‘fingerprint’ whose stability allows correct 

identification (fingerprinting).  

 

 

2.4.4 Using Signal-to-Noise to examine the Impact of Head Position 
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Traditionally the signal-to-noise ratio (SNR) is calculated from the functional 

timeseries of a session. Of note, it is recognized that ICA denoising (dHCP pre-

processing pipeline) artificially inflates the SNR of the functional timeseries 

shipped with this Data Release 2.0 (Fitzgibbon et al., 2020). Despite this fact, 

this study used the minimally pre-processed data to determine both the real 

SNR and the SNR resulting from head position alone (see explanations of both 

of these below). 

 

 

2.4.4.1 Estimation of Signal-to-Noise using functional timeseries 

SNR was calculated as the mean BOLD signal divided by the detrended standard 

deviation (SD) (Friedman and Glover, 2006) for the timeseries at each voxel in 

native space. Detrending was carried out using nilearn 

(https://nilearn.github.io/dev/modules/generated/nilearn.image.clean_img.ht

ml). For segments consisting of full-sessions, the SNR was calculated from the 

full timeseries. For segments consisting of split-sessions, the SNR was 

calculated from each of two split timeseries (leaving out 60 secs from the middle 

of the session as described previously for functional connectivity). The resulting 

segment-specific SNR map allowed extraction of edge values using the Schaefer 

40-week atlas in the individual‘s space. These SNR values were labelled as ‘SNR-

individual’ (to discern them from ‘SNR-group’ values, as described below). 

 

 

2.4.4.2 Estimation of Signal-to-Noise using Head Location 

 

The signal-to-noise ratio (SNR) across the head coil was calculated as follows: 

- A group of 416 participants with a single session (34 preterm, 382 

term) was used. This group was independent of the 44 participants 

with two sessions (preterm and term sessions). 

- The SNR for each individual was calculated from the fMRI timeseries 

at each voxel in native space as the mean signal across time divided 

by the detrended standard deviation (SD) across time (Friedman and 

Glover, 2006) 

- Our goal was to quantify SNR variation across the coil. The internal 

structure of the brain (e.g., the contrast between grey and white 

matter) was not present in the SNR maps and instead the well-
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established multi-channel receive coil sensitivity profile (Wiggins et 

al., 2006) was dominant (i.e., lower signal further from the coil). An 

exception to this was round the edge of the brain, where there was a 

thin band of lower SNR values, consistent with CSF signal. As a result, 

the SNR images were masked with a brain mask that had been eroded 

by a 1 voxel (2.1mm).  

- Each individual’s fMRI data had an accompanying affine 

transformation matrix, comprising the translation, rotations, and 

scaling, to map the voxel coordinates into the frame of reference of 

the MRI scanner (i.e., mm for x, y and z relative to the isocenter). 

Using this, the SNR maps from each individual were resliced to a 

common 1 mm isotropic grid into the scanner’s space using the 

MNI152_T1_1mm atlas shipped with FSL (Fonov et al., 2009). 

- These individual maps were averaged across the 416 participants 

(using a soft mean), giving an estimated SNR for each point in the 

head coil (termed ‘SNR-coil’). Figure 2-1 shows the proportion of the 

416 participants used to calculate the soft-mean for each voxel of the 

SNR-coil map. 

- The group average map (SNR-coil) was then used to predict the SNR 

for each ROI of each individual, from the position and orientation of 

their head. These predicted SNR values, labelled here as ‘SNR-group’ 

values, represent the SNR values resulting from the position, 

orientation, and shape of the head relative to the head coil. 

 

 

 

Figure 2-1 Proportion (colorbar: 0 – 1) out of total 416 participants used to 

calculate the soft-mean for each voxel of the SNR-coil map. 

More centrally all participants contribute towards the SNR-coil, while most 

peripherally only some of the 416 participants contribute. 
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For full-session segments (across session analysis) SNR-coil was resampled to 

the individual’s native space and the values extracted in the ROIs from the 

Schaefer 40-week atlas in that individual’s space.  

 

For split-session segments (within session analysis) two head positions were 

chosen (positions at volume 537 and volume 1763 of the functional MRI 

timeseries for a session). Volume 537 represents the head position in the middle 

of the first segment, the volume that FSL MCFLIRT would realign to if working 

on only the first split of the session. Volume 1763 similarly represents the head 

position in the middle of the second split-session segment. The 6 rigid-body 

motion parameters (dHCP Data Release, Quality Control data), 3 translations 

and 3 rotations, represent the head position relative to the initial volume 

(volume 0). These 6 motion parameters for each head position were translated 

to FSL – FLIRT format and the resulting matrices were used to re-orient the 

individual’s Schaefer 40-week atlas, using FSL FLIRT, to the two head positions 

in their individual participant functional space. For the 44 participants with two 

sessions, SNR-group values were extracted from the SNR-coil map (using FSL 

fslmeants) for both of the two reoriented Schaefer 40-week atlas head positions 

for each of 88 sessions (creating 176 SNR-group value matrices for all 176 split-

sessions).  

 

 

2.4.4.3 Fingerprinting – a comparison of SNR-group and SNR-individual 

 

In order to compare their ability to mediate fingerprinting we assessed whether 

SNR-group or SNR-individual in one segment (full-session/split-session) better 

predicted functional connectivity in another segment. We implemented this 

using an ordinary least squares multiple linear regression function 

(https://www.statsmodels.org/stable/generated/statsmodels.regression.linear

_model.OLS.html).  

The standardized regression coefficients this yielded were used to assess 

predictor strength. The regression model took the form: 

Equation 1 

https://www.statsmodels.org/stable/generated/statsmodels.regression.linear_model.OLS.html
https://www.statsmodels.org/stable/generated/statsmodels.regression.linear_model.OLS.html


39 
 

  𝑐𝑖𝑗
(𝑝,2)

= 𝛽𝑖𝑗
𝑆𝑁𝑅𝑠𝑖

(𝑝,1)
𝑠𝑗

(𝑝,1)
+  𝛽𝑖𝑗

𝐹𝐶𝑐𝑖𝑗
(𝑝,1)

 + 𝑎   

 

where   

𝑐𝑖𝑗
(𝑝,𝑒)

  is the functional connectivity of the edge between regions 𝑖 and 𝑗 

for participant 𝑝 and segment number 𝑒 (session/split) 

𝛽𝑖𝑗
𝑆𝑁𝑅 is the standardized regression coefficient of SNR (SNR-individual/ 

SNR-group) for the edge  

𝑠𝑖
(𝑝,𝑒)

 is the SNR value (SNR-individual/ SNR-group) of region 𝑖 for 

participant 𝑝 and segment 𝑒 

𝛽𝑖𝑗
𝐹𝐶 is the standardized regression coefficient of functional connectivity for 

this edge  

𝑎 is a constant  

 

SNR (SNR-group/SNR-individual) and functional connectivity were both 

standardized to obtain z-scores, so that the beta parameters became 

comparable and indicative of the variance explained. The focus of fingerprinting 

is on individual differences, and so a separate regression model was conducted 

for each edge to model the variance across the 44 participants. Regression was 

repeated for segments comprising two full sessions and for segments comprising 

two split-sessions. It was repeated in both directions (the dependent variable 

(𝑐𝑖𝑗) being from segment 1 or segment 2). SNR-group and SNR-individual were 

entered consecutively into Equation 1. 

 

It can be seen (Figure 2-2) that for whole-session segments all coefficients are 

low with both SNR-group and SNR-individual values comparable to the 

coefficient for FC. For split-session segments both SNR-group and SNR-

individual coefficients are higher and approximately 40% of the magnitude of 

the coefficient for FC. Figure 2-2 shows that for both whole-session and split-

session segments, SNR-individual had less predictive power for individual 

differences than SNR-group (SNR-coil map sampled by individual head 

position). This suggests that coil sensitivity dominates the predictive power of 

SNR, and that this is best estimated using group-average data. In this regard, 

it was decided to use the SNR-group measure for further analyses in this current 

study. 
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Figure 2-2 Mean standardized coefficients (95% confidence intervals) 

a) full-session segments (149,381 edges); b) split-session segments (298,762 

edges). SNR-group coefficients are higher than SNR-individual suggesting that 

coil sensitivity dominates the predictive power of SNR. 

 

2.4.5 Head Position and Functional Connectivity 

 

The relationship between the predicted SNR (SNR-group) values and functional 

connectivity (FC) was explored using linear regression. For each of the 74,691 

edges, a linear model across the 416 participants with one session was fitted 

(Equation 2). The rational for using a linear regression model ‘for each edge’ 

(linear regression across participants) was to examine the relationship between 

functional connectivity and SNR (SNR-group) due purely to head position. An 
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edge represents the connection between two ROIs, and while that connection is 

consistent in terms of anatomical regions, the position of the edge in the head 

coil space changes with head position. This study examined whether a change 

in head position in the head coil space (SNR-group value) may or may not result 

in a change in functional connectivity at that same edge.  

 

Equation 2 

𝑐𝑖𝑗
(𝑝)

= 𝛽𝑖𝑗𝑠𝑖
(𝑝)

𝑠𝑗
(𝑝)

+ 𝑎 

where   

𝑝 is the participant number  

𝑐𝑖𝑗  is the functional connectivity of edge connecting regions i and j 

si and sj are the SNR-group of regions i and j  

𝛽𝑖𝑗 is the slope of the relationship for this edge 

 𝑎 is a constant 

 

The statsmodels ordinary least squares linear regression function was used 

(https://www.statsmodels.org/stable/generated/statsmodels.regression.linear

_model.OLS.html). Values for functional connectivity and SNR-group were 

standardized (z-score). Non-zero 𝛽 values would indicate a consistent 

relationship between ‘SNR due to head position’ and functional connectivity. A 

permutation test was used to test this. As the regression model is not entirely 

independent of the input values (the same 416 sessions were used to define the 

SNR-coil) it was decided to cross-validate in an independent group of 44 preterm 

participants each with two scans (88 sessions).  

 

 

2.4.6 Head Position and Fingerprinting 

 

Firstly, to examine the similarity of SNR-group values across participants and 

across segments (full-session or split-session), the Spearman rank correlation 

coefficient between the various pairs of target and database SNR-group 

matrices was used (similar to 2.4.3.3 above). Again, if the target and database 

pair with the highest similarity originated from the same participant, this was 

considered a ‘match’ and the percentage of participants where identification was 

https://www.statsmodels.org/stable/generated/statsmodels.regression.linear_model.OLS.html
https://www.statsmodels.org/stable/generated/statsmodels.regression.linear_model.OLS.html
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correctly predicted was calculated (using only these head position derived SNR-

group values).  

 

Secondly, to quantitatively compare the impact of head position (SNR artifact) 

with the functional connectivity signal that drives fingerprinting, both the 

functional connectivity and SNR (SNR-group) from the first segment were 

entered as standardized regressors to predict the functional connectivity in the 

second. This was implemented using an ordinary least squares multiple linear 

regression function  

(https://www.statsmodels.org/stable/generated/statsmodels.regression.linear

_model.OLS.html).  

The standardized regression coefficients this yielded were used to assess 

predictor strength. The regression model took the form: 

Equation 3 

  𝑐𝑖𝑗
(𝑝,2)

= 𝛽𝑖𝑗
𝑆𝑁𝑅𝑠𝑖

(𝑝,1)
𝑠𝑗

(𝑝,1)
+  𝛽𝑖𝑗

𝐹𝐶𝑐𝑖𝑗
(𝑝,1)

 + 𝑎  

 

where   

𝑐𝑖𝑗
(𝑝,𝑒)

  is the functional connectivity of the edge between regions 𝑖 and 𝑗 

for participant 𝑝 and segment number 𝑒 (session/split) 

𝛽𝑖𝑗
𝑆𝑁𝑅 is the standardized regression coefficient of SNR-group for the edge  

𝑠𝑖
(𝑝,𝑒)

 is the SNR-group value of region 𝑖 for participant 𝑝 and segment 𝑒 

𝛽𝑖𝑗
𝐹𝐶 is the standardized regression coefficient of functional connectivity for 

this edge  

𝑎 is a constant  

 

SNR-group and functional connectivity were both standardized to obtain z-

scores, so that the beta parameters became comparable and indicative of the 

variance explained. The focus of fingerprinting is on individual differences, and 

so a separate regression model was conducted for each edge to model the 

variance across the 44 participants. Regression was repeated for segments 

comprising two full-sessions and for segments comprising two split-sessions. It 

was repeated in both directions (the dependent variable (𝑐𝑖𝑗) being from 

segment 1 or segment 2). 

 

 

https://www.statsmodels.org/stable/generated/statsmodels.regression.linear_model.OLS.html
https://www.statsmodels.org/stable/generated/statsmodels.regression.linear_model.OLS.html
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2.4.7 Factors impacting Connectome Stability 

 

2.4.7.1 Individual explanatory variables 

 

For the 44 participants with two sessions, the relationship between connectome 

stability and one other individual explanatory factor (head size, inter-session 

interval, and motion respectively) was examined using a scatter plot and 

Pearson correlation (with confidence interval and p-value). 

 

2.4.7.2 Factors impacting Connectome Stability - Multiple explanatory variables 

 

To assess the degree to which head position (SNR-group) impacts connectome 

stability (dependent variable) and compare it to other explanatory variables, an 

ordinary least squares multiple linear regression model was used for full-

sessions (Equation 4) and split-sessions (Equation 5) respectively. 

(https://www.statsmodels.org/stable/generated/statsmodels.regression.linear

_model.OLS.html). The 44 participants with two sessions were included in this 

model. In all instances the explanatory variables were standardized (z-score) 

prior to inputting into the regression model. 

 

Across full-session segments (Equation 4) the dependent variable was 

connectome stability across full-sessions (44 values). The five (𝑖 = 5) 

explanatory variables considered included: mean SNR-group (mean across the 

two full-sessions); mean framewise displacement (FWD) (mean across the two 

sessions); inter-session interval (weeks); age at first session (post-menstrual 

age); and mean occipital-frontal circumference (OFC) (mean across the two 

sessions).  

 

Equation 4 

 

𝑠𝑝 = ∑ 𝛽𝑖𝑥𝑖
𝑝

5

𝑖=1

+ 𝑎 

 

where,  

𝑖 is the number of explanatory variables 

https://www.statsmodels.org/stable/generated/statsmodels.regression.linear_model.OLS.html
https://www.statsmodels.org/stable/generated/statsmodels.regression.linear_model.OLS.html
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𝑠𝑝 is connectome stability for participant 𝑝  

𝑥𝑖
𝑝
 is explanatory variable number 𝑖 for participant 𝑝 

𝛽𝑖 is standardized regression coefficient number 𝑖 

𝑎 is a constant 

 

Across split-session segments (Equation 5) the dependent variable was 

connectome stability across split-sessions (88 values). The two (𝑖 = 2) 

explanatory variables considered were mean SNR-group (mean across the two 

split-sessions) and mean FWD (mean across the two split-sessions).  

 

Equation 5 

 

𝑠(𝑝,𝑒) = ∑ 𝛽𝑖𝑥𝑖
(𝑝,𝑒)

2

𝑖=1

+ 𝑎 

where,  

𝑒 is session number, where 𝑒 ∈  {1, 2} 

𝑖 is the number of explanatory variables𝑠(𝑝,𝑒) is connectome stability for 

participant 𝑝 session 𝑒 

𝑥𝑖
(𝑝,𝑒)

 is explanatory variable number 𝑖 for participant 𝑝 session 𝑒 

𝛽𝑖 is standardized regression coefficient number 𝑖 

𝑎 is a constant 

 

2.4.8 Ethics Statement 

Data was obtained from the dHCP Data Release 2 (2019) with permission. In 

order to protect data participants, these open data have been pseudonymized 

and subjected to post-collection processing (data processing) at source to 

remove any data elements that could otherwise be reconstructed and/or 

processed to reveal facial features of the data participants. Analysis of this data 

was approved by the Trinity College Dublin School of Psychology Research Ethics 

Committee (ID: SPREC082021-02). 

 

2.4.9 Data and Code 
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Data from the Developing Human Connectome Project (dHCP) second release 

was used (http://www.developingconnectome.org/data-release/second-data-

release/). Data were provided by the developing Human Connectome Project, 

KCL-Imperial-Oxford Consortium funded by the European Research Council 

under the European Union Seventh Framework Programme (FP/2007-2013) / 

ERC Grant Agreement no. [319456]. We are grateful to the families who 

generously supported this trial. 

 

Scatter plots were used to demonstrate correlations along with Pearson 

correlation and Pearson partial correlation statistics (r-value, 95%CI, and p-

value). A p-value <0.05 was considered significant for the correlations shown 

in scatter plots (labelled with *). 

 

Brain images were displayed using FSLeyes for planar visualization 

(https://git.fmrib.ox.ac.uk/fsl/fsleyes/fsleyes/). Connectome Workbench was 

used for cortical surface visualization 

(https://www.humanconnectome.org/software/connectome-workbench). 

 

Bash scripts and python code used in this chapter/analysis are available at:  

https://github.com/Grahamgithubking/head_position 

 

 

  

http://www.developingconnectome.org/data-release/second-data-release/
http://www.developingconnectome.org/data-release/second-data-release/
https://git.fmrib.ox.ac.uk/fsl/fsleyes/fsleyes/
https://www.humanconnectome.org/software/connectome-workbench
https://github.com/Grahamgithubking/head_position
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2.5 RESULTS 

 

2.5.1 Functional Connectivity and Fingerprinting 

 

Similar to Dufford et al. (2021), it was seen that fingerprint identification was 

much higher across split-session segments than across full-session segments 

(Dufford et al., 2021a). Across full-session segments only 3 of 44 (7%) of 

infants’ connectomes ranked highest (connectome correctly identified across 

sessions), while within a session (across split-session segments) 40/44 (91%) 

of preterm and 37/44 (84%) of term infants ranked highest (Table 2-1). 

 

 

Table 2-1 Functional Connectome: Stability Across versus Within sessions 

 
Across-sessions 

(88 full-

sessions) 

Within-sessions (176 split-
sessions) 

 

Preterm (88 

splits) 

Term (88 

splits) 

Within-participant 
correlation 

(mean) 

0.17 0.37 0.46 

Between-

participants 
(shared) 

correlation 
(mean) 

0.13 0.07 0.18 

Identification 

Success 
3/44 (7%) 40/44 (91%) 37/44 (84%) 

 

 

Fingerprinting might fail across sessions either because an individual’s 

connectome is unstable, or because relatively, different people have a more 

similar connectome across sessions. To differentiate these possibilities, within-

participant and between-participant connectome similarity was examined, using 

Spearman (second-order) correlations (Table 2-1). Across full-session segments 

the within-participant correlation (connectome stability) was low, with the mean 

of 44 participants (r = 0.17) only slightly higher than the mean of the across-

participant (shared) correlation (r = 0.13). The 44x44 representational 

similarity matrix (RSM) had no obvious leading diagonal (no significant 
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correlation within a participant across the two full-sessions) (Figure 2-3). In 

contrast, Spearman correlations within a participant were much higher when 

comparing split-session segments (within a session) at both preterm age and 

term age (Table 2-1 and Figure 2-3). This shows that within-session 

fingerprinting is more effective because the similarity of the connectomes within 

a participant are much higher.  

 

Overall, this picture of strong self-identification within a session (across split-

session segments) but weak self-identification across sessions (across full-

session segments) is consistent with either of the two explanations – it might 

be because infant connectomes are unstable over weeks, and/or because of 

various artifacts contributing towards high within-participant correlation during 

within session analysis.  
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Figure 2-3 Representational Similarity Matrices (44 participants with two 

sessions). 

Second order Spearman correlations of functional connectivity: a) across 

sessions, b) across split-segments at preterm session, c) across split-

segments at term session 
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2.5.2 Head Position and Functional Connectivity 

 

To demonstrate the variability of head position for the 44 participants, FSL 

fslstats was used to calculate the centroid (‘center of gravity’) of the functional 

brainmask for a session. This gave the centroid in mm coordinates (x, y, z 

scanner directions). To illustrate the variability in centroid position the centroids 

(x, y coordinates) for both preterm and term sessions (44 participants) were 

plotted on a 2-dimensional scatter plot (Figure 2-4). This plot shows a clear 

distribution of centroids with variability in the posterior - anterior direction 

(range: -5mm to +29mm) and the left - right direction (range: -14 to +7mm). 

There was more variability in centroid position in the preterm session compared 

to the term session. 

 

 

Figure 2-4 Centroids of brainmasks in scanner space for 44 participants 

(preterm & term sessions). 

For a 20mm displacement in either direction, this could result in an 

approximate 50% decrease in SNR values in the dHCP dedicated neonatal head 

coil (values derived from data on phantom analysis by Hughes et al. (Hughes 

et al., 2017) 

 

To test the hypothesis that differences in SNR due to head position affect 

connectome fingerprinting, an estimate of the SNR across the volume of the coil 

(SNR-coil) was derived and then used to estimate each individual’s SNR based 

on location of their head (termed ‘SNR-group’). This was illustrated for two 
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participants in the scanner frame of reference (Figure 2-5) and in the brain 

frame of reference (Figure 2-6).  

 

The scanner frame of reference (Figure 2-5) depicts the individual’s Schaefer 

40-week atlas resliced into MNI152 reference space and overlayed onto the 

SNR-coil. Head position and distance from the head coil directly are seen to 

influence the pattern of SNR across the brain. Using the brain frame of reference 

(Figure 2-6), the SNR-coil was resliced to individual space and mapped to the 

mid-cortical thickness surface (T2w) using Connectome Workbench. Based on 

position in the head coil, it can be seen that the mid-cortical thickness surface 

has a variable pattern of SNR across the various sessions (preterm and term 

examples). 
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Figure 2-5 Impact of Head Position - Scanner Frame of Reference: 

Schaefer 40-week atlas resliced from individual space to MNI152 reference 

and overlayed on SNR-coil. Two example preterm participants with two 

sessions were chosen: (1A) Participant 1 at 29.9 weeks PMA (1B) Participant 

1 at 38.4 weeks PMA. (2A) Participant 2 at 35.8 weeks PMA (2B) Participant 2 

at 42.1 weeks PMA. 

  

1A 

1B 

2A 

2B 
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Figure 2-6 Impact of Head Position - Brain Frame of Reference: 

SNR-coil resliced to individual space and mapped to mid-cortical thickness 

surfaces (T2w) (Left + Right). Two example preterm participants with two 

sessions were chosen: (1A) Participant 1 at 29.9 weeks PMA (1B) Participant 

1 at 38.4 weeks PMA. (2A) Participant 2 at 35.8 weeks PMA (2B) Participant 2 

at 42.1 weeks PMA. 
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To demonstrate how SNR covaries with FC, a pair of parcels (ROIs) from the 

Default Mode Network (DMN) were chosen. Within the DMN regions one pair 

was selected based on having the highest mean functional connectivity across 

the 88 sessions (Mean r = 0.595). This was the edge between the inferior 

parietal lobe (IPL) and the dorsal pre-frontal cortex (PFCd) (Schaefer regions 

174 and 175) on the left hemisphere (LH). Across the 88 sessions (44 

participants with 2 sessions) functional connectivity was plotted against SNR-

group values for this edge (Figure 2-7). The relationship showed that there was 

a positive correlation between FC and SNR (r = 0.3, 95%CI 0.09-0.48, 

p<0.005).  

 

 

Figure 2-7 SNR-group values covary with FC (Schaefer ROI edge 174-175) 

 

Next, using ordinary least square regression across 416 participants for each 

edge, the relationship between SNR-group and functional connectivity was 

examined. For each of the 74,691 edges the β (slope) for the fit was calculated 

across all 416 participants and a histogram of Beta values was plotted (Figure 

2-8). The one-sample t-test showed the β values were significantly different 

from zero (p<0.0001) indicating a significant relationship between predicted 

(based on head position) SNR values and functional connectivity.  

 

In this analysis, although a significant relationship was seen between SNR-group 

values and functional connectivity across the 416 participants, there was a slight 

possibility of circularity due to the fact that the same data was used to both a) 
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generate the group average ‘SNR-coil’, and, b) compare the relationship 

between SNR-group and functional connectivity values in the same cohort. In 

light of this, this significant relationship was cross-validated in the independent 

sample of 44 participants (each with both preterm and term sessions) whose 

sessions’ data were not used in the calculation of SNR-coil. Using Equation 2 for 

the 88 independent sessions, the relationship between SNR-group and 

functional connectivity was re-examined. The histogram of 74,691 slopes (β) 

(Figure 2-9) was seen and the one-sample t-test for the fits of the β for the 

edges was again significantly different from zero (p<0.0001). 

 

 

 

Figure 2-8 Histogram of standardized coefficient values (slopes) of 74,691 

edges (linear regression across 416 participants with one session) for the 

relationship between functional connectivity and SNR due to head position 

(SNR-group). Mean coefficient = 0.08  
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Figure 2-9 Histogram of standardized coefficient values (slopes) of 74,691 

edges (linear regression across independent group of 44 participants with both 

a preterm and term session) for the relationship between functional 

connectivity and SNR due to head position (SNR-group). Mean coefficient = 

0.18  

 

2.5.3 Head Position and Fingerprinting 

 

The similarity of SNR-group values (derived from head position) across 

participants for each segment (full-session or split-session) were calculated 

using Spearman rank correlation (Table 2-2). Across sessions, correlation values 

were comparable within-participant and between-participants (0.90 vs 0.89). 

As a result, identification was low (9%). Within sessions, correlation values 

within-participant were higher (0.99) compared to between-participants (0.90-

0.92) allowing identification rates of 98-100%.  

 

Table 2-2 Head position (SNR-group values): Stability Across versus Within 

sessions 

 
Across-sessions 

(88 full-

sessions) 

Within-sessions (176 split-
sessions) 

 

Preterm (88 

splits) 

Term (88 

splits) 

Within-
participant 

correlation 
(mean) 

0.90 0.99 0.99 

Between-
participants 

(shared) 
correlation 

(mean) 

0.89 0.92 0.90 

Identification 
Success 

4/44 (9%) 44/44 (100%) 43/44 (98%) 

 

 

To quantitatively compare the impact of head position (SNR artifact due to head 

position) with the functional connectivity signal that drives fingerprinting an 

ordinary least squares multiple linear regression function was used (Equation 

3). Both the functional connectivity and SNR-group from the first segment were 
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entered as standardized regressors to predict the functional connectivity in the 

second segment. 

 

Figure 2-10 shows the mean standardized coefficients (95% confidence intervals 

marked) for SNR-group and functional connectivity. Across full-session 

segments (149,381 edges), SNR-group is twice as predictive as functional 

connectivity. This shows that SNR-group is of critical concern. In split-session 

segments (298,762 edges) the mean standardized coefficients are higher. 

Functional connectivity is the strongest predictor (mean 0.35, 95%CI 0.349 – 

0.351) but SNR-group still accounts for considerable variance (mean 0.15), at 

approximately 40% that of functional connectivity.  
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Figure 2-10 Mean standardized coefficients (95% confidence intervals) 

a) full-session segments (149,381 edges); b) split-session segments (298,762 

edges). Across split-session segments SNR-group accounts for considerable 

variance. 

 

 

2.5.4 Factors impacting Connectome Stability 

 

2.5.4.1 Connectome Stability and Head Size 

Some participants may have a higher overall SNR, because the critical ROIs in 

the cortex are closer to the coil – for example because their head is larger. An 

overall higher SNR might be expected to lead a more accurate assessment of 
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the connectome, and greater stability (higher Spearman correlation) across 

scans. Of the 44 participants with two sessions, 39 infants had head size 

(occipital frontal circumference, OFC) measured at both sessions. OFC was seen 

to positively correlate with connectome stability (Pearson r = 0.38, 95%CI 0.08 

– 0.62, p<0.016) (Figure 2-11).  

 

This correlation was not independent of mean SNR-group across the two 

sessions (Pearson partial correlation correcting for mean SNR-group was 

r=0.10, 95%CI -0.23, 0.41, p<0.55). This suggests that a larger head size is 

associated with increased stability of the connectome and this relationship is 

likely influenced by a closer approximation of a larger head to the receiver coils 

(higher SNR).   

 

 

 

Figure 2-11 Functional connectome stability (second order Spearman 

correlation) versus mean occipital-frontal circumference across two sessions 

 

2.5.4.2 Connectome Stability and Session Interval 

The effect of inter-session interval on connectome stability was examined using 

a scatter plot (Figure 2-12, a) with Pearson-r = -0.47 (95% CI -0.67, -0.2), p 

<0.001. This significant negative correlation indicates that there is also a true 

component of connectome stability that drifts with development. This negative 

correlation between inter-session interval and connectome stability was 

maintained even when correcting for the difference in functional connectivity 

(difference between preterm and term sessions’ mean connectivity) (Pearson 
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partial correlation r -0.45 (95%CI -0.66, -0.17), p<0.003) indicating that 

although functional connectivity increases with older post-menstrual age (Figure 

2-12, b) that the difference in functional connectivity between the preterm and 

term session is not the explanatory factor for this relationship between inter-

session time interval and connectome stability. 

 

 

Figure 2-12 Connectome stability and session interval.  

a) Functional connectome stability (second order Spearman correlation) 

versus inter-session interval. Preterm connectome stability is negatively 

correlated with inter-session interval, b) Mean functional connectivity (mean 

of first order Pearson correlations for 387 ROIs) at session versus post-

menstrual age (PMA) at session. 

 

 

2.5.4.3 Connectome Stability and Motion 

The dHCP cohort was scanned without sedation and so had considerable motion 

artifact (Fitzgibbon et al., 2020). As a result, the dHCP pre-processing pipeline 
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does not perform motion censoring in order to minimize the potential loss of 

participants or timepoints. Instead, the dHCP use a ‘less aggressive’ ICA-based 

denoising procedure and authors conclude that this ICA-based denoising 

procedure is qualitatively similar to using spike regression in periods of time 

when motion is worst (Fitzgibbon et al., 2020).  

 

Connectome stability (across sessions) in this preterm population was 

negatively correlated with mean framewise displacement (Pearson r -0.5 

(95%CI -0.7, -0.24), p = 0.0005) (Figure 2-13). This negative correlation was 

independent of mean SNR-group values (mean across two sessions) (Pearson 

partial correlation: r -0.4 (95%CI -0.62, -0.11) p<0.008) indicating that head 

motion has a negative effect on connectome stability that is independent of 

SNR-group (SNR due to head position in the head coil space). 

 

 

Figure 2-13 Connectome stability versus mean framewise displacement (mean 

of the FWD across two sessions). 

Preterm connectome stability is negatively correlated with head motion. 
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2.5.4.4 Multiple explanatory variables 

Using Equation 4 and Equation 5 the relative impact of specific explanatory 

variables on connectome stability were compared. Figure 2-14 shows that, 

across full-session segments, motion (FWD) is strongly negatively related (β = 

-0.38, p<0.013) with connectome stability, while SNR-group (SNR based on an 

individual’s head location within the head coil) is positively related (β = 0.36, 

p<0.05). Across split-session segments (Figure 2-14), motion (FWD) was much 

less related (β = -0.11, p<0.27) to connectome stability compared to head 

location within the head coil (β = 0.38, p<0.000). In summary, it appears that 

head position has a considerable relationship to connectome stability, and 

overall was the strongest factor found, particularly in the across split-session 

analysis.  

 

 

Figure 2-14 Relative impact of explanatory variables on connectome stability 

across full-session (5 variables) and split-session (2 variables) segments.  

**two-tailed p-value<0.05. [Age first session, preterm session post-menstrual 

age; Session interval, interval (weeks) between preterm and term session; 

Head-size, mean occipital-frontal circumference (cm) across two full-sessions; 

Head-position, mean SNR-group (SNR due to head position) across two 

full/split-session segments; FWD, mean framewise displacement (mm) across 

two full/split-session segments] 
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2.6 DISCUSSION 

 

This study showed that the stability of measured connectomes in infants was 

found to be affected by several factors. The infant’s head position relative to the 

head coil affected the regional SNR, which was empirically found to covary with 

functional connectivity. Head position alone, in combination with the 

inhomogeneity of the phased-array head coil, was found to lead to 98-100% 

success in split-session (within-session) fingerprinting, without any information 

from an individual’s functional connectivity. The significant impact of head 

position may explain the high fingerprinting identification derived from the 

within-session method. As a result, the authors of this study propose that 

within-session fingerprinting must account for this impact, and that care be 

taken in across-session fingerprinting to control for head position/SNR induced 

artifacts. Consistent positioning within the head coil across infants is also 

important. 

 

It was also found that the time interval between sessions negatively correlated 

with connectome stability, which suggests that the infant connectome may 

change gradually across time. Furthermore, head motion was found to 

negatively correlate with connectome stability. Our model of multiple 

explanatory variables impacting connectome stability showed that head position 

was the strongest variable found particularly during within-session (across split-

session) analysis. 

 

Today fMRI research uses phased array head coils due to their gain of higher 

SNR in the cortex. However, as the number of head-coil channels increase the 

inhomogeneity of the distribution of the SNR across the brain also increases, 

and as a result consistency of head position is imperative for reliable whole-

brain functional connectivity analysis and regional functional connectivity 

estimates. This study has shown how position in native space directly impacts 

on SNR and that nodes with higher SNR have higher functional connectivity.  

 

Infant head circumference changes rapidly during the first year of life, 

approximately from 27 cm at 29 weeks gestation (youngest session in this 

cohort), through 34 cm at term, and 45 cm at 1 year old (50 percentiles) 

(Department of Health UK et al., 2009). Both a changing head size and head 



63 
 

re-positioning (across sessions) therefore impacts on functional connectivity. 

Across-session identification methods need to be aware of this added variance. 

Within-session identification methods have less variance due to the constant 

position of the head and, as a result, identification methods (functional 

fingerprinting methods) are falsely improved by this confound. 

 

Research groups examining the infant functional connectome continue to use 

an array of head coils including those with 8-channels (Y. Wang et al., 2021), 

both 12-channels and 32-channels (Dufford et al., 2021a), 32-channels only 

(Hu et al., 2021a) and the dHCP bespoke 32-channels (Ciarrusta et al., 2021; 

Q. Wang et al., 2021). In the last 10 years or so various groups have looked at 

designing infant sized head coils. A group in Massachusetts designed custom-

sized 32 channel head-coils including for term neonates and 6 month old infants 

(Keil et al., 2011). These were made to specific set sizes to fit the 95% 

diameters of these age groups. Similarly another research group designed an 8 

channel infant head coil customized to fit the average head of a 6 month old 

infant (Scheef et al., 2017). Data from the dHCP has been analyzed in this study 

and recent studies (Ciarrusta et al., 2021; Q. Wang et al., 2021). The dHCP 

group use a customized infant 32 channel head coil designed using term age 

infants head sizes (Hughes et al., 2017). To achieve centrality of head position, 

they use thin inflatable cushion devices to achieve consistent head position 

within the head coil (Hughes et al., 2017). However, the dHCP infant head coil 

was not designed to accommodate preterm infant head sizes such as those 44 

infants with two sessions (dHCP Data Release 2.0, 2019) whose connectome 

stability across sessions was analyzed in this study.  

 

Designing head coils that can adapt to the large range of head sizes from 

preterm through to late infant ages is important for connectome analysis across 

this time period. In Montreal a research group have tested a pneumatic-based 

13 channel infant head-coil that adapts to infant head dimensions (27 weeks 

PMA to 6 weeks post-term) and which results in a 2.22 fold increase in SNR at 

the cortex compared to a standard 32 channel adult head-coil (Rios et al., 

2018). Most recently a research group in MIT (USA) have designed their own 

close-fitting 32 channel infant head-coil for ages 1 – 18 months and have tested 

it both in vitro (phantoms) and in vivo (infant cohorts) (Ghotra et al., 2021; 

Kosakowski et al., 2021). Their infant head-coil can be adjusted in the anterior-
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posterior and lateral dimensions to obtain a snug fit to the infant’s head. The 

tight fit of their infant head coil results in a gain of SNR (2.7 SNR gain in brain 

regions, compared to adult head coil). These developments in infant head coil 

design are timely and, for reasons outlined in this paper, this ability to 

repeatedly approximate the head coil as close as possible to the infant cortex 

will likely help mitigate much of the variance associated with head position 

across sessions. 

 

In the interim, however, infant fMRI research groups using a fixed head coil size 

(and therefore inducing a variable distance between the cortex and the receiver 

coils across infants and sessions) could consider correcting for head position in 

the head coil. This correction would take the form of: calculating the SNR for 

the space within the head coil (SNR-coil) (ideally using independent 

participants); calculating the first-order functional correlations for each edge 

(ROI to ROI); dividing the functional edge value by the product of the two SNR 

values derived from head position (having resampled SNR-coil to the individual’s 

native space and extracted the two SNR values for the edge); and creating an 

edge matrix of corrected functional edge values. There-after second-order 

correlations (across infants and sessions) may show more consistent values 

within a subject (across sessions) then across subjects (across sessions), 

perhaps allowing a better measure of fingerprinting (connectome stability) 

ability in infancy. 

 

2.6.1 Conclusion 

 

Research into infant functional connectivity depends heavily on avoiding 

confounds that are unique or exaggerated in infancy compared to older 

children/adults. This study has highlighted an important confound namely that 

infant functional connectome analysis must consider world head position in their 

design and analysis methods. This study draws attention to the importance of 

recent developments in head coil design and the emergence of head coils that 

are adjustable (allowing more closer approximation to the infant cortex). Ideally 

these head coils should also produce homologous coil coverage.  
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This study has focused on the effect of head position on functional connectivity 

measurements in the context of ‘fingerprinting’. However, the head-position 

induced variation in SNR may have consequences on other measures. For 

example, it might mask true individual differences in functional connectivity and 

add noise or bias to longitudinal measures of functional connectivity during 

development or at other points of the lifespan. 

 

It is hoped that these findings contribute towards both the newly emerging 

literature on the topic of infant functional connectivity and towards improved 

methodological practice for longitudinal functional connectivity studies at all age 

groups.  
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CHAPTER 3 PRACTICALITIES OF SCANNING AN AWAKE 

INFANT FUNCTIONAL MRI COHORT 
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3.1 ABSTRACT 

In recent years, task fMRI with awake infants in the scanner watching engaging 

visual stimuli has been performed by a small number of research groups. To 

date, usable fMRI data has primarily been achieved in a select few infants who 

tolerated multiple repetitions of the same paradigm, highlighting the difficulty 

in acquiring useful fMRI data at a reasonable scale in an awake infant population. 

The Foundations of Cognition Project (FOUNDCOG) builds on previous recent 

advances in the field of awake infant fMRI and aims to conduct the largest and 

first longitudinal study of infants scanned with awake task-based fMRI to date. 

This chapter examines the methodology used to achieve awake fMRI scans at 

the 2-month age scanning visit and investigates: recruitment methods and 

success; task type (movies versus pictures) achieving most fMRI data quantity 

and quality (less motion); infant behaviours during awake tasks/runs; and 

caregiver perceptions of their infant’s experience.  

 

Two cohorts of infants (term controls and NICU graduates) were recruited from 

two maternity hospitals in Dublin, Ireland. Research MRI scans were conducted 

at the Trinity College Institute of Neuroscience campus, and infants attended 

one visit for a total duration of 2.5 hours. Video stimulus fMRI runs consisted of 

cartoon and natural movies showing scenes/contexts that infants would 

experience during the first year of life. Picture stimulus fMRI runs consisted of 

objects (looming) relating to the movie scenes. A flexible paradigm allowed 

switching between the home-screen (baby sensory/calming clips) and video and 

pictures runs. The caregiver was encouraged to be as hands-on as possible both 

in the MRI magnet room and the MRI control room. Additional data was achieved 

through the tagging of infant facial camera footage and through caregiver 

feedback (questionnaire).  

 

Of the first 100 infants attending for 2-month age scanning, most infants 

achieved 2 completed video runs and 1 completed picture run. Of the full group, 

80 infants fell asleep allowing achievement of 80 asleep resting-state fMRI runs, 

and 70 T2-weighted anatomical MRI runs. A median of 19 minutes (IQR 8.4 

min) of awake data (from 98 infants) was obtained, with slightly more awake 

date from videos compared to pictures runs. Motion (FWD) was less than 1.3mm 

for the 75% percentile (videos < 1.26mm, pictures <1.36mm), and less than 

2.7mm for the 90% percentile (videos < 2.6mm, pictures <2.8mm) of all awake 
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frames acquired. Tagging of infant facial camera footage showed infants were 

interested/attending the visual images 85% of the time, fussing/vocalising 4% 

of the time, and falling asleep in 15% prior to the end of the awake run. 

Caregivers’ feedback showed that 90% agreed that their infant was comfortable 

during scanning, and 91% felt that their infant contributed useful awake/asleep 

fMRI data from the scanning visit.  

 

In summary, it appears that 2-month age is an opportune age to achieve infant 

fMRI data (at a reasonable scale) and that prioritising awake fMRI does not 

preclude the acquisition of resting state and anatomical sequences later in the 

protocol (most 2-month-olds fall asleep). It is felt that caregiver presence 

contributed towards optimal decision making using the dynamic/flexible 

scanning protocol. Positive parental feedback is important as it confirms 

acceptability of conducting infant MRI studies at this early age (both 

awake/asleep) and as such it is hoped that this will ensure good ongoing 

attendance in this longitudinal study. 
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3.3 INTRODUCTION 

 

Anatomical MRI in infants is only partially predictive of atypical development, as 

at this early age the brain has enormous plasticity and may develop normally 

despite considerable structural injury (Anderson et al., 2017; Inder et al., 

2021). Measures of infant brain function have the potential to offer rich 

information during the pre-verbal and pre-locomotor period (Cusack et al., 

2016). Functional MRI (fMRI) provides a measure of activity across the brain 

with better spatial localization than alternatives such as 

electroencephalography. There has been good progress in addressing the 

challenges of fMRI in infants (Cusack et al., 2018; Korom et al., 2022; Pollatou 

et al., 2022) and it has been used to explore both typical and atypical 

development. 

 

The majority of infant fMRI studies have been of the asleep state (Cusack et al., 

2018). In clinical settings, sedation is still used widely in children (El-Dib, 2020) 

but for ethical reasons, it is not often used for research and so most studies 

have adopted the ‘feed & wrap’ technique (Almli et al., 2007; Gilmore et al., 

2004), including large projects with asleep infant fMRI such as the Developing 

Human Connectome Project (http://www.developingconnectome.org), the Baby 

Connectome Project (http://babyconnectomeproject.org) and the ongoing 

HEALthy Brain and Child Development study (https://hbcdstudy.org/ ).  

 

3.3.1 Traditional task fMRI studies in infants 

  

In contrast to functional connectivity analysis, task fMRI measures the signal 

change in response to an external stimulus (Kwong et al., 1992). Task fMRI has 

been performed in sleeping infants, for example to explore the detection of and 

discrimination of speech or non-speech auditory stimuli (Baldoli et al., 2015; 

Blasi et al., 2015, 2011; Dehaene-Lambertz, 2002; Dehaene-Lambertz et al., 

2010; Graham et al., 2013; Perani et al., 2011; Wild et al., 2017). Other asleep 

studies have focused on infant discrimination of joint angles (Dall’Orso et al., 

2018) or the discrimination of somatosensory (Williams et al., 2015) and 

http://www.developingconnectome.org/
http://babyconnectomeproject.org/
https://hbcdstudy.org/


71 
 

nociceptive stimuli (Baxter et al., 2021; Duff et al., 2020; Goksan et al., 2015). 

Further, some researchers have measured learning in the asleep infant using 

deviant auditory stimuli (Sylvester et al., 2021) and associative motor/auditory 

stimuli (Dall’Orso et al., 2021). One challenge of using fMRI in sleeping infants 

to assess task responses is that sleep affects cognition. In adults, sleep has 

been shown to affect both task- and connectivity- fMRI (Tagliazucchi et al., 

2012). Similarly, infant awake/asleep state has been shown to have different 

results to the same stimuli (Dehaene-Lambertz, 2002). As a result, care is 

needed when comparing fMRI studies between asleep versus awake states.  

 

3.3.2 Awake infant fMRI literature 

 

In recent years, task fMRI with visual stimuli has been used in infants awake in 

the scanner, to examine the processing of coherent motion (Biagi et al., 2015), 

retinotopy (Ellis et al., 2021c), the discrimination of categories 

(faces/bodies/objects/scenes) using movie clips and still images (Deen et al., 

2017; Kosakowski et al., 2022), and the segmentation of movies into events 

(Yates et al., 2022). With regards infant learning, awake task fMRI has been 

used to assess the discrimination of repeated versus novel visual stimuli (Tristan 

S. Yates et al., 2023), and memory for sequences of visual stimuli (Ellis et al., 

2021a). In these studies, fMRI data (useful for analyses) has primarily been 

achieved in a select few infants (sub-group) who tolerated multiple repetitions 

of the same paradigm/run. These studies have highlighted the difficulty in 

acquiring useful fMRI data across representative samples of an awake infant 

population. 

 

In the paediatric clinical environment movie clips have been used in older 

children to avoid sedation (Raschle et al., 2012). In the research setting 

previous teams have used a changing visual stimulus (sometimes classified as 

a ‘movie’) to display changing faces (Schultz and Pilz, 2009), point-light-

displays (Sifre et al., 2018), or series of changing objects (Deen et al., 2017).  

 

However compared to these previous stimuli, naturalistic paradigms (movie 

clips) aim to evoke a more natural pattern of neural responses (Vanderwal et 

al., 2019) and, due to their dynamic nature and complexity, induce multiple 
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patterns of neural responses during the same task avoiding the need for multiple 

separate experiments (Bartels and Zeki, 2005, 2004; Hasson et al., 2010, 2004; 

Vanderwal et al., 2019). Naturalistic movies allow various analytical approaches 

based on task induced and task independent activity including: conventional 

task-based (time-locked/model) analysis, inter-subject (model-free) analysis, 

and traditional connectivity (resting-state) analysis (Vanderwal et al., 2019).  

 

The FOUNDCOG project builds on previous recent awake infant fMRI studies 

(Ellis et al., 2021b, 2021a, 2020; Yates et al., 2021) by using, in one paradigm, 

naturalistic stimuli (Hasson et al., 2010) in the form of short movie clips and 

also sequences of picture (objects) stimuli. The project includes fMRI in 2- and 

9-month-old infants who are awake during scanning.  

 

This chapter discusses the important methodological steps applied to the first 

100 babies recruited to the project when they attended for their first (2 months 

age) awake scanning visit. This study prioritizes the awake state during infant 

viewing of naturalistic movie clips and picture stimuli. Practical methodology and 

lessons learned to date are shared in this manuscript. Data from this cohort 

(100 babies) who attended for their 2-month age scan is used in further 

analyses in this thesis.  
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3.4 METHODS 

3.4.1 Experimental Groups and Recruitment 

 

Two cohorts were recruited from the Coombe Hospital and Rotunda Hospitals 

(Dublin, Ireland): i) Control - babies born at term (37-42 weeks gestation) 

without any known brain injury; and ii) Neonatal Intensive Care Unit (NICU) 

graduates with at least one prior neuro-imaging investigation (cranial 

ultrasound or hospital MRI brain) while in the NICU (i.e., infants investigated for 

potential brain injury). Most common indications for neuroimaging in the NICU 

include prematurity (screening for intra-ventricular haemorrhage/peri-

ventricular leukomalacia) and hypoxic ischemic encephalopathy (late 

preterm/term infants). 

 

Exclusion criteria for both cohorts comprised: known congenital abnormalities; 

contraindications to undergo MRI; known visual impairments; vulnerable 

parent(s); and parental refusal to consent to incidental findings being reported 

to the collaborating paediatric consultant. Specific to the NICU cohort was an 

additional exclusion criterium, namely retinopathy of prematurity (ROP) 

reaching Stage 3 or that needed treated (laser/injections).  

 

For the control group, mothers were initially approached on the post-natal wards 

by both research assistants and neonatal doctor, while for the NICU group, the 

neonatal doctor only approached the parents. If they expressed interest, the 

parents were given an information leaflet, and their contact details were 

recorded. Parents were then called around 4-6 weeks later, to explain the study 

and ask if they would like to participate. 

 

Ethical approval was granted by the ethics committees of the Coombe Hospital, 

Rotunda Hospital, and Trinity College Dublin [See Appendix]. 

 

Prior to the first attendance of any infant for research MRI scanning, the 

Paediatric/Neonatal Doctor (G.K.) drafted the new ‘Infant MRI Standard 

Operating Procedures’ (SOPS) document for the Trinity College Institute of 

Neuroscience (TCIN) [See Appendix]. This document addressed the following 

(not limited to): the procedure for infant MRI scanning; roles and responsibilities 
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of relevant personnel; infant MRI safety; infant emergency procedures; and 

infant screening procedures. This document was approved by the TCIN MRI 

Committee members. 

 

3.4.2 Equipment and Task Stimuli 

 

3.4.2.1 MRI Hardware  

Neuroimaging was acquired on a Siemens 3T MAGNETOM Prisma MRI scanner 

at the Trinity College Institute of Neuroscience. The protocol included task fMRI, 

resting state fMRI (rsfMRI), and T2-weighted anatomical images. Task fMRI was 

acquired as long as the infant was awake, but if the infant fell asleep then rsfMRI 

and T2 images were acquired. Only the bottom half of the 64 Siemens 

head/neck coil was used, to allow the infant an un-interrupted view of the visual 

stimuli projected on the bore of the scanner (Figure 3-1). This use of the bottom 

half head coil was validated previously where it was shown that head motion is 

still the predominant disruptor of intact fMRI data and not the signal-to-noise 

gradient at the anterior brain where there is an absence of receiver coils (Ellis 

et al., 2020). In the current study an additional 4-channel surface coil was 

placed on the inner edge of the head coil (invisible to the infant’s field of view) 

to attempt to receive further signal from frontal areas of the brain.  

 

 

Figure 3-1 Equipment setup for awake infant fMRI scanning at 2 months 

corrected age. 
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3.4.2.2 MRI Sequences 

For fMRI the CMRR (https://www.cmrr.umn.edu/multiband/) gradient-echo 

multiband EPI sequence was used (acceleration factor 4), 3 x 3 mm in-plane, 

36 slices of 3 mm plus 10% gap, phase encoding anterior-to-posterior, 

repetition time (TR) 610 ms, echo time (TE) 32 ms, flip angle 40 degrees, echo 

spacing 0.54 ms. Before the first fMRI scan, two spin-echo reference protocols 

were acquired for distortion correction, one with phase encoding anterior-to-

posterior and the other posterior-to-anterior, with the same geometry but 

without multiband for better tissue contrast (TR=2,260 ms, TE=32 ms, FA=40 

degrees, 10 volumes). 

 

If the infant was awake, two paradigms were alternated, starting with videos 

(485 volumes, 5 min 3 s) and then pictures (510 volumes, 5 min 18 s). If the 

infant fell asleep, resting-state fMRI (1000 volumes, 10 min 17 s) was acquired 

and then a T2-weighted anatomical sequence, an acoustic noise-reduced scan: 

100 contiguous near-axial slices, GRAPPA acceleration factor of 3, voxel size 1 

mm × 1 mm x 1 mm, coverage of the whole head and a field of view 192 mm, 

TR 6090 ms, TE 84 ms, flip angle 150 degrees, echo spacing 12 ms, and duration 

4 min and 5 s. 

 

3.4.2.3 MRI Motion and Field Distortion Correction 

MRI data were converted from DICOM to NIfTI format using dcm2niix 

(https://github.com/rordenlab/dcm2niix ) (Li et al., 2016). Motion was 

determined using FSL MCFLIRT (Jenkinson et al., 2002) and the 6 motion 

parameters (3 translation, 3 rotation) were used to calculate framewise 

displacement (FWD, in mm) (Power et al., 2012) using Nippype software 

algorithm (Gorgolewski et al., 2011). Following motion correction with FSL 

MCLIRT, the field distortion estimation from FSL TOPUP (Andersson et al., 2003) 

was then applied to the EPI data to correct for susceptibility distortion (iterated 

each time the infant was positioned in the head coil, i.e. once per session). 

 

https://www.cmrr.umn.edu/multiband/
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3.4.2.4 Visual Projection  

The visual stimuli were projected using an ultra-high-definition (UHD) video 

projector located in a room behind and adjacent to the actual MRI magnet room 

itself. The UHD projector light beam travelled through the wave guide (through 

the wall of the MRI magnet room) towards a ‘front surface’ mirror secured at 

the correct angle on a wooden frame. The angle of the projector beam and the 

mirror were such to allow the projected image to be reflected upwards onto the 

ceiling of the bore of the MRI scanner (Figure 3-1).  

 

Video projectors with a narrow beam width (“long throw”) are designed for large 

rooms and tend to be very bright. A balance between these factors was chosen, 

with an Optoma UHD30 projector, which has a 4K (or 2160p) to ensure that the 

projected image had adequate resolution. Visual acuity at 2 months of age is 

thought to be approximately 20/150 to 20/215 (Banks and Salapatek, 1978; 

Daw, 2013; Sokol, 1978). At 2-months-old infant visual accommodation is pre-

programmed for near targets and they can accommodate to 25cm (Currie and 

Manny, 1997). It is known that infants have decreased peripheral visual acuity 

compared to central (foveal) acuity. A 2-months-old an infant has approximately 

20/300, 20/600, and 20/1200 visual acuity at the central, 10-degree and 30-

degree visual field angles from the fovea (Courage and Adams, 1996). As a 

result, a 2-month-old infant may miss a salient object if it appears more than 

30-degrees away from the fovea. As infants’ eyes were approximately 30 cm 

away from the projected image, the image proportions were chosen to ensure 

that the images appeared within the 30-degree visual field angle and salient 

elements of the visual scene were large and central in the image.  

 

3.4.2.5 Visual Stimuli 

There were two main awake tasks: videos and pictures. An ideal session would 

consist of 2 video runs, 2 pictures, 1 resting state, and 1 T2 anatomical scan. 

The video task was prioritized at the start of the MRI session. It was not typical 

for the entire set to be achieved in one session.  

 

Based on learning from previous online infant studies, video clips were chosen 

for their ability to attract infants’ attention (Tran et al., 2017) and consisted of 

both cartoon and natural movies. Clips were chosen such that the content of 

each clip featured a coherent scene depicting a context that an infant may 
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experience in the first year of life, e.g., a supermarket, bathroom, or restaurant 

(Figure 3-2). These clips included various content classified by various semantic 

and perceptual properties. Semantic categories included animate/inanimate 

(Konkle and Caramazza, 2013), indoor/outdoor (Kravitz et al., 2011), 

faces/objects/body parts/scenes (Deen et al., 2017). The chosen final six 22.5s 

clips (contexts) are shown in six colour codes in an example video run events 

file (Table 3-1). During a full 5 min video run each infant saw two repetitions of 

the 6 videos, each a different randomly selected order. Each repetition began 

with an attention getter stimulus (https://osf.io/wakqf ). Subsequent video runs 

for the same infant would always use the same two orders.  

 

 

Figure 3-2 Examples of frames from a) Videos, b) Pictures runs 

Videos – ‘bath time’ and ‘dog’ videos; Pictures – ‘tree’, ‘shopping cart’, and 

‘seabird’ pictures 

 

 

Picture stimuli chosen consisted of six pairs of object types chosen to relate to 

each of the six contexts in the videos task and to be something an infant may 

encounter in the first year of life (e.g., ‘supermarket’ video = [shopping cart + 

shelves]). Object types were decided by comparing the similar brain responses 

between adult pilot study video and picture runs. Picture runs featured still 

images looming towards the infant for 3 s. For each type of object, 3 instances 

(examples/instances of the object) were shown. The pictures task was repeated 

https://osf.io/wakqf
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twice per fMRI run giving a final design of [6 contexts x 2 object types x 3 

instances x 2 repetitions], totaling 5 min of scanning. 

 

Table 3-1 Example of a video run events file 

onset 

(s) 

duration 

(s) 
trial_type 

1 8 attention_getter 

9 23 bathsong.mp4 

32 23 dog.mp4 

55 23 moana.mp4 

78 23 forest.mp4 

101 23 minions_supermarket.mp4 

124 23 new_orleans.mp4 

147 4 attention_getter 

151 23 forest.mp4 

174 23 moana.mp4 

197 23 new_orleans.mp4 

220 23 minions_supermarket.mp4 

243 23 dog.mp4 

266 23 bathsong.mp4 

 

 

 

 

3.4.3 Infant Scanning 

In contrast to previous infant fMRI studies with multiple visits, (Deen et al., 

2017; Ellis et al., 2020) infants and parent(s) visited the centre just once per 

timepoint (in this case 2-months-old). A scanning visit consisted of 2.5 hours 

duration. Following the initial arrival, check-in, and completion of documentation 

by the parent, this left approximately 2 hours of time in the MRI department. 

The basic structure of the 2 hours was 2 sessions with at least one significant 

breaktime between them. Starting in the awake state an infant would have a 

maximum of 20mins of actual scanning and if still awake would then have a 

breaktime. If the first awake session was cut-short due to the baby falling asleep 

during an awake run, then the infant would proceed to the 15-20min of asleep 
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sequences (10 min rsfMRI, a T2, and in some cases a T1 sequence). An infant 

would then have a breaktime (whether still asleep or if they woke). After the 

breaktime a second session would start with the infant awake (if the infant fell 

asleep once more the asleep sequences were not repeated/duplicated). In 

summary, the small number of infants who facilitated both sessions contributed 

a total of 2 awake (20mins each) periods and 1 asleep (15-20min) period, 

totalling 60 mins of scanning time (spread out over the 2 hours in the MRI 

department). Most infants achieved a proportion of this maximum (i.e., 1 awake 

period and 1 asleep period). During a session an infant sometimes fussed. Quick 

remedies included gentle reassuring tactile stimulation, and/or giving the infant 

a soother (dummy/pacifier) and/or using sucrose drops (sweet water) dropped 

onto their tongue/lips to sooth them. If these measures failed, the infant took a 

breaktime with their parent.  

 

3.4.3.1 Hearing Protection 

Various methods of hearing protection have been discussed by the infant 

neuroimaging community (Korom et al., 2022). Some employ in-ear earplugs 

(McJury, 2022) or small foam pads that stick to the infant’s ear (Abujarir et al., 

2012) but these are unreliable when used under ear defenders, as they often 

fall out/off, which is not ascertained until the end of the scan. They are also a 

source of stress to the relaxed awake infant prior to starting the scan and so 

were not adopted in this protocol. Instead, thin MRI-compatible headphones 

with good passive noise attenuation of 25 dB (Optoacoustics OptoActive II) 

(https://www.optoacoustics.com/medical) were adopted. A camera (see later) 

allowed monitoring of the headphone placement throughout the scan. 

Furthermore, the OptoActive II headphones contain a microphone to monitor 

the sound level inside at the infant’s ear in real-time, allowing displacement to 

be detected and remedied. Passive attenuation was sufficient given the length 

of the scans but if the infant fell asleep, for additional protection active noise 

cancellation (ANC) was employed. Successful ANC required a 16-20 s learning 

phase to be completed while the scanner gradients are running, without 

headphone audio, and when the participant is not moving or vocalizing. Through 

piloting with adults, it was concluded that ANC calibration would not be reliable 

while the infant was awake and so it was only used if they fell asleep.  

 

https://www.optoacoustics.com/medical
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3.4.3.2 Infant Monitoring  

During MRI scanning infants were placed supine on a vacuum cushion 

positioning system (Figure 3-1). This was both to maintain their body position 

but also to provide them with reassurance due to the ‘nest-like’ tactile support 

on all sides. In concordance with the awake infant fMRI protocol from the Yale 

group (Ellis et al., 2020) no straps or physical constraints were used to ensure 

that infants felt non-threatened and calm. While research groups scanning 

asleep infants often use infant immobilizer devices (Golan et al., 2011) this 

current study found that awake infants remained calm and attentive in a 

peripheral nest support. At all times a team member was beside the infant next 

to the entrance to the MR magnet bore. Infants were watched (in real time) via 

the MR compatible camera (https://www.mrc-systems.de/en/products/mr-

compatible-cameras) focused on the face. An Optoacoustics noise-cancelling MR 

compatible microphone was also positioned beside the infant so that vocalization 

(and/or fussing) could be monitored in real time during a scan (Figure 3-1). 

 

3.4.3.3 Paradigm Menu Flowchart 

Due to the flexibility demanded by an infant scanning session, a bespoke 

experimental paradigm was coded using PsychoPy (Peirce et al., 2019). The 

custom python program recorded and saved all event onsets, TR timings, and 

various other logs needed for analysis.  

 

The awake portions of this paradigm prioritized infants having a constant visual 

stimulus to keep them calm and engaged. This was achieved using a home 

screen video playing inside the scanner. If an infant was fussing (for example, 

triggered by headphones placement or being laid down on the MRI table), once 

they entered the scanner bore, they often settled and were engaged by the 

home screen video already playing above them. Home screen video clip options 

included either baby sensory movies (fireworks or dancing clouds with fun 

music), or a calmer option that has been shown to promote stillness in child MRI 

(Vanderwal et al., 2015). 

 

From this home screen, any task (videos, pictures, resting blank visual with or 

without pink noise) could be launched. A decision aid was used by the paradigm 

controller/researcher to navigate these decisions easily (Figure 3-3). The only 

visual downtime (no home screen video) was a blank screen while the paradigm 

https://www.mrc-systems.de/en/products/mr-compatible-cameras
https://www.mrc-systems.de/en/products/mr-compatible-cameras
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waited to receive the sync pulse from the MRI scanner. This brief lack of display 

often led to a short moment of fussing from the infant, highlighting the essential 

nature of constant visual engagement for infant fMRI scanning. 

 

 

 

Figure 3-3 Decision aid for paradigm controller using custom python program. 

(image courtesy of Clíona O’Doherty, Cusack Lab, Trinity College Dublin). 

 

3.4.4 Team Researcher and Caregiver Roles 

 

3.4.4.1 Team Researcher Roles 

While scanning an infant, four researchers were present as well as the infant’s 

caregiver(s). Each team member played an equally crucial role in ensuring scan 

success (Table 3-2). The radiographer focused on MRI safety, positioning the 

infant on the table correctly, and running the MRI sequences. The clinician 

(paediatric doctor or nurse) was tasked with screening the infant’s health on the 

day and ensuring the infant remained comfortable and well throughout. A 3rd 

member of the team (‘paradigm controller’) was responsible for running the 

experimental paradigm on the paradigm computer and closely communicating 

with the radiographer to manage what sequences would be run as the session 

progressed. The ‘paradigm controller’ also recorded notes during the session 

and promptly handled any spurious technical issues. Finally, a 4th team member 
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was responsible for meeting and greeting the infant and parent, chaperoning 

them safely in the MRI department, and helping them with documentation 

(consent, MRI safety and questionnaire forms).  

 

Table 3-2 Researchers’ Roles Descriptors 

 Title: Focus of work: 

1. Radiographer MRI safety and sequences 

2. Clinician Infant wellbeing and safety 

3. Paradigm controller Running the dynamic/flexible computer 

paradigm 

4. 4th member ‘front of house’ and parent support 

 

 

3.4.4.2 Caregiver Role 

Caregiver participation and engagement with scanning was crucial for the 

success of data collection. Caregivers (in this case, almost exclusively parents) 

played an important role in crucial turning points of the scanning session, most 

commonly the transition periods when the infant was going in or out of the MRI 

scanner. Where able the caregiver was asked to lay their infant down on the 

MRI table and later pick them up when needed. The presence of their caregiver, 

and face-to-face interaction with them, provided reassurance and allowed the 

infant stay as comfortable as possible. Caregivers were keen to be involved and 

nearly all caregivers played this role (only one or two caregivers were precluded 

from entering the MRI room due to a positive finding on the MRI safety 

questionnaire). While the infant was in the MRI scanner the caregiver returned 

to the MRI control room. There they could see their infant on the facial video 

camera, hear them on the microphone speakers and see the visual stimuli being 

shown to the infant (separate screen).  

 

3.4.5 Data Collected 

Data collection comprised MRI brain images, in-bore (MRI) facial camera 

footage, and timing log files. A healthy control infant’s birth and current baseline 

health data was collected using the relevant Clinical Research Form [See 

Appendix]. Specific to NICU cohort was the collection of healthcare data 

pertaining to their clinical course in the NICU. This was done using the NICU 
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Clinical Research Form [See Appendix]. Due to the longitudinal nature of the 

project, data was pseudonymized to allow collation of participants’ data sets.  

 

3.4.5.1 Developmental and Learning Environment Data 

During the scanning visit the Ages & Stages (Squires and Bricker, 2009) and 

Ages & Stages Social-Emotional (Squires et al., 2012) questionnaires were 

complete by the caregiver. Questionnaires were selected based on the infant’s 

corrected age (age since their due date) so that all infants (Control and NICU) 

were as closely comparable from a physiological maturation metric. 

 

3.4.5.2 Infant attention during awake scanning 

Facial camera footage allowed the level of attention that the infant was paying 

to the visual stimulus to be retrospectively tagged based on behavioural 

observation. Tagging was conducted using ELAN tagging software (Nijmegen: 

Max Planck Institute for Psycholinguistics, 2022). Tags were assigned if the 

infant demonstrated the action for a duration of at least 1 second. Tags were 

defined as per the ‘Definitions of Tags’ document [See Appendix].  

 

3.4.5.3 Caregiver Feedback 

At the end of the scanning visit, a caregiver was given a feedback questionnaire. 

This questionnaire contained 14 questions with Likert-type responses. Questions 

were related to the knowledge of fMRI before/after the visit, the experience 

during the scanning, their perception of their infant’s state during scanning, 

whether they felt their infant’s state may/may-not have allowed the gathering 

of data, and whether the caregiver felt that fMRI may be used in the clinical 

domain in the future. The full set of questions can be seen in the ‘Parental 

Feedback Questionnaire’ [See Appendix]. 
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3.5 RESULTS 

 

3.5.1 Recruitment and Cohort characteristics 

 

A key factor in recruitment of the control group was research staff availability 

and clinical restrictions (Covid-19 restrictions, restrictions on visiting hours to 

avoid busy clinical doctor/nursing rounds etc.). An important factor in the 

recruitment of the NICU participants was the need to find the optimal timing – 

approaching the parents closer to the NICU discharge date, but not too late that 

the opportunity to meet the parents ‘in-person’ was missed. Parents of 685 

infants agreed to be contacted after discharge from their maternity hospital. Of 

these 685 infants, all were contacted 4-6 weeks later by email or phone, and 

eventual overall participation rate was 15% (defined as having attended for the 

2-month age research MRI scan). Of these 100 infants, 75 were full-term 

controls, while 25 were infants recruited from the NICU. This represents a 

participation rate of 13% (75 of 591) for parents of controls and 27% (25 of 94) 

for parents of NICU infants. These first 100 infants attended their research scan 

between August 2021 and October 2022. 

 

 

 

Figure 3-4 Participation rates (Aug 2021 – Oct 2022): control versus NICU 

participants 
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3.5.2 MRI  

 

Several important realizations were made during the progression of the project. 

Firstly, it was noted that the running order of a ‘scout’ sequence followed by 

‘field maps’ (both with home screen clips) took approximately 2.5 mins. This 

delayed the start of the first video run, which led to loss of infant engagement. 

Realizing this, the order was therefore changed so that the initial scout was 

followed directly by the first video task run, engaging the infant’s attention 

earlier.  

 

Two control infants had no MRI data recorded (neither anatomical nor 

functional). At 2-months age 92 (71 controls, 21 NICU) of the first 100 infants 

contributed at least one ‘completed’ (all frames) awake fMRI run while 98 (73 

controls, 25 NICU) of them contributed a ‘partial’ (minimum 50 frames) awake 

run or better.  

 

Considering partial runs (minimum 50 frames): 270 video runs (from 98 

infants), 182 picture runs (from 87 infants), and 80 asleep rsfMRI runs (from 

80 infants) were obtained (Table 3-3). Similarly, run counts for the NICU sub-

group were calculated (Table 3-3). However, when counting completed (all 

frames) runs only: 194 video runs (from 92 infants), 109 picture runs (from 70 

infants), and 79 asleep rsfMRI runs (from 79 infants) were obtained.  

 

Table 3-3 Number of runs of fMRI data collected (runs, no. infants 

contributing) 

 Awake Videos Pictures rsfMRI Anatomy 

ALL (100) 452 (98) 270 (98) 182 (87) 80 (80) 70 (70) 

NICU (25) 107 (25) 69 (25) 38 (20) 20 (20) 18 (18) 

 

 

The overall trend of these counts shows that, when counting partial runs (min 

50 frames), 2-month infants contributed approximately 3 video and 2 picture 

runs each, while, when counting ‘completed’ runs (all frames), 2-month infants 
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contributed approximately 2 video and 1 picture runs each. Once asleep, infants 

tolerated the rsfMRI run without waking and so the number of rsfMRI runs 

remained constant (80% of infants).  

 

Analysing by state (awake vs resting) and stimulus type (video vs picture), the 

number of frames per subject were summed together and converted to unit of 

minutes (multiplying by TR=0.61 sec). A median of 19.1 minutes (IQR 8.4 min) 

of awake fMRI data was acquired for the group, with higher minutes of video 

versus picture runs. The histograms of the number of infants achieving minutes 

of fMRI data by state and by task are shown (Figure 3-5). In Figure 3-5 it shows 

that video runs remain more robust (minutes fMRI are similar when comparing 

any length run versus completed runs) compared to picture runs which suffer 

more from partial run acquisitions. It is thought that there are two main 

explanations for this: firstly, it is known that infants find animation more 

engaging than static objects/pictures (Tran et al., 2017); secondly, after the 

initial scout MRI sequence, the first visual task run was designated a video run, 

so infants encountered the video run earlier in the paradigm introducing a 

potential ordering effect (in the absence of counter-balancing). 
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Figure 3-5 Number of infants achieving fMRI (minutes): a) awake versus 

asleep; b) video versus picture runs 

 

Many infants fell asleep, allowing resting state (80%) and anatomical (70%) 

data to be collected. A quiet (noise-reduction) T2-weighted anatomical 

sequence was prioritized in these 2-month-old infants. During a typical session 

resting state functional scans were acquired before the quiet T2 sequence. It 

was observed that the sudden drop in sound level between resting state and 

quieter T2 anatomical sequences caused infants to wake. It was speculated that 

the infants missed the constant rhythm of the EPI gradient fields and to remedy 

this, pink noise was played through the infant earphones during the transition 

from resting state to anatomical sequences. This simple remedy greatly 

increased the success rate of collecting high quality anatomical data. In total 70 

of the 100 infants (70%) acquired a T2 anatomical sequence while asleep. A 

similar proportion, 18 of 25 NICU infants (72%) had T2 anatomical images 

obtained. 
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3.5.3 Coverage and Head Motion 

 

As expected, using the posterior half of the head coil alone resulted in a clear 

decrease in functional signal received from the frontal regions of the brain 

(Figure 3-6). Framewise displacement values were available for 97 of the first 

100 infants; two infants had no fMRI data obtained, and one NICU cohort infant 

did not have correct reference scans obtained (this infant’s data has yet to be 

pre-processed for motion parameters). 

 

To allow visualization of the amount of awake motion (FWD) for the both the 

group and the individual participant, a stepped histogram (cumulative to 100% 

of each participant’s frames for all their runs) was plotted (Figure 3-6) for both 

awake videos (97 of 100 participants) and awake pictures (86 of 100 

participants). Concatenating the FWD for every frame of all runs for all 

participants, allowed calculation of the FWD distribution for the whole group. 

Table 3-4 shows the percentile values for chosen percentiles (25 – 95%) for 

both the full group and the NICU group only. While infants are awake chosen 

FWD percentiles range from 0.2 to 4mm, however more than 75% of all frames 

have a FWD below 1.3mm (with video runs, 1.26mm, even better than picture 

runs, 1.36mm) and more than 90% of all frames have a FWD below 2.7mm 

(video runs, 2.6mm, better than picture runs, 2.8mm). 
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Figure 3-6 Functional signal and motion estimates 

a) Group mean functional signal acquired (functional images normalized to 

infant template). b) Percentiles of frames acquired versus FWD (mm) for each 

infant achieving awake video runs c) Percentiles of frames acquired versus 
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FWD (mm) for each infant achieving awake picture runs. [dashed line (--) = 

FWD distribution of whole group] 

 

 

Table 3-4 Framewise displacement (mm) at various percentiles of all frames 

(TRs). 

 25% 50% 75% 90% 95% 

 ALL NICU ALL NICU ALL NICU ALL NICU ALL NICU 

Awake 0.21 0.24 0.49 0.59 1.3 1.5 2.7 3.2 4 4.7 

Video 0.22 0.24 0.5 0.57 1.26 1.48 2.6 3.1 3.9 4.46 

Pictures 0.2 0.24 0.49 0.62 1.36 1.66 2.8 3.4 4.2 5 

rsfMRI 0.09 0.08 0.13 0.13 0.19 0.19 0.28 0.27 0.38 0.34 

(TRs) for ‘ALL’ runs for all participants (n=97) and ‘NICU’ participants (n=24) 

 

 

3.5.4 Infant attention during awake imaging 

3.5.4.1 Camera footage 

Of the first 100 babies, two infants did not have any awake fMRI runs obtained. 

For another 5 infants the facial camera had technical difficulties and did not 

record any footage. Facial camera footage and awake fMRI data was collected 

for the remaining 93 infants. The videos for the runs for 63 (48 control and 15 

NICU) of these infants have been cropped and tagged to date. 

 

This sample of 63 infants contributed a total of 285 awake fMRI runs, of which 

268 (94%) had useable camera footage, more than 18 hours of facial camera 

footage during awake fMRI. Of the 268 runs of awake fMRI (213 control, 55 

NICU) 166 were video runs (130 control, 36 NICU) and 102 were pictures runs 

(83 control, 19 NICU). Of the 268 runs with useable video, 252 were complete 

recordings (94%) and 16 were partial recordings (12 of which had a delayed 

onset (4.5%) and 4 of which terminated early (1.5%)). Of the 268 runs, 223 

were recorded manually (and retrospectively cropped to align with the runs with 

second precision) while 45 runs were recorded automatically (and the recordings 

therefore aligned with the runs with millisecond precision).  
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3.5.4.2 Inter-rater reliability 

To date, two researchers have tagged this camera footage data. As there is a 

huge volume of facial camera footage to be tagged, it was decided that the 

camera footage for one run would be tagged by one research tagger. The 

camera data for the 63 infants was distributed evenly (similar number of runs, 

control runs, and NICU runs) to both taggers. To measure the reliability of 

tagging between two taggers Cohen’s kappa method was used and an inter-

rater reliability (IRR) score was measured during 3 initial pilot periods. This was 

done using scikit learn in python (https://scikit-learn.org/stable/modules/ 

generated/sklearn.metrics.cohen_kappa_score.html). 

 

Cohen’s kappa was calculated using the following equation: 

Equation 6 

 

𝜿 =  (𝒑𝟎 −  𝒑𝒆)  ÷ (𝟏 −  𝒑𝒆) 

where, 

𝜿 is the kappa statistic (a number between -1 and 1. The maximum value means 

complete agreement; zero or lower means chance agreement). 

𝑝0 is the empirical probability of agreement on the label assigned to any sample 

(the observed agreement ratio), and 

𝑝𝑒 is the expected agreement when both annotators assign labels randomly. 

 

The two pilot tagging periods were conducted in a ‘plan – do – check – act’ 

structure. Pilot 1 consisted of 23 camera runs (videos and pictures). Both 

taggers tagged all runs (Table 3-5). Reasons for certain scores were analysed 

by re-exploring the tagging files on a per run basis. Agreement was reached on 

how to improve tags ‘interest_scanning’ and ‘eyes_closed_awake’ and tag 

definitions were revised appropriately prior to Pilot 2. Pilot 2 consisted of 14 

camera runs (videos and pictures). Pilot 2 scores improved for 

‘interest_scanning' and ‘eyes_closed_awake’, however it was noted that the tag 

‘sleepy’ was inconsistently tagged between taggers. Again, the definition of 

‘sleepy’ was revised and agreed. Pilot 3 consisted of a further 25 runs. Overall, 

after Pilot 3, the six main tags were seen to have good IRR (Table 3-5), including 

an improvement for the IRR of the tag ‘sleepy’. Of note, the IRR score for 

‘interest_scanning’ in the final IRR assessment is lower as these 25 runs 

contained a high proportion of camera footage of infants interested (and eye 

https://scikit-learn.org/stable/modules/%20generated/sklearn.metrics.cohen_kappa_score.html
https://scikit-learn.org/stable/modules/%20generated/sklearn.metrics.cohen_kappa_score.html
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scanning the stimuli) for practically the full run duration. This affected the 

Cohen’s kappa denominator (probability of chance) for this tag. Following this 

‘check’ of Pilot 3 it was determined that there was no further requirement to 

‘act’ and the Pilot 3 definitions were formally adopted. On the basis of these 

definitions a further 206 runs have been tagged to date. The runs included in 

Pilot 1 and Pilot 2 were amended in line with the revised definitions for inclusion 

in analysis. 

 

Table 3-5 Tagging facial camera footage: inter-rater reliability (3 Pilots) 

 Interest 

scanning 

Sleepy Asleep Eyes closed 

awake 

Fussing Vocalising 

Pilot 1 

- IRR 

Cohens 0.39 0.75 0 0.62 0.66 0.75 

% time 

in use 

0.68 0.02 0 0.05 0.15 0.17 

Pilot 2 

- IRR 

Cohens 0.63 0.28 0.86 0.73 0.79 0.72 

% time 

in use 

0.59 0.11 0.05 0.13 0.09 0.1 

Pilot 3 

- IRR 

Cohens 0.47 0.74 0.92 0.39 0.84 0.77 

% time 

in use 

0.68 

(#) 

0.01 0.02 0.04 0.25 0.24 

# = this tag was present in most runs and across large sweeps of the run, as a 
result the Cohen’s kappa denominator (probability of random/chance) is high, 
however these tags are accurate and prevalent. 

 

 

3.5.4.3 Infant attention 

The proportion of time that each of the five main tags were present is shown 

(Figure 3-7). In summary, ‘interest_scanning’ (infant is interested in and 

conducting eye scanning of the visual stimulus) was tagged approximately 85% 

of the time, with ‘fussing’ and ‘vocalizing’ tagged approximately 4% of the time. 

In just less than 20% of runs tagged to date, there are periods of the infant 

being ‘sleepy’, with infants falling ‘asleep’ in 15% of runs prior to the fMRI run 

being stopped. ‘Eyes_closed_awake’ usually co-occurred with ‘fussing’. Overall, 

there are similar results for controls versus NICU babies and for the visual 

stimulus presented (Figure 3-8). A two-way mixed ANOVA (task, cohort) was 

run for each of the 11 tags. No effect of ‘cohort’ was found for any tag, although 

the median proportion of time spent ‘interest scanning’ was lower in the NICU 
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(75%) than control cohort (88%). More time ‘interest_scanning’ was found for 

videos compared to pictures (p=0.001) and less time was spent asleep during 

videos compared to pictures (p=0.026). This suggests that the infants found 

the videos to be more interesting and engaging than the pictures (but it should 

also be noted the video task was always presented first). 

 

 

Figure 3-7 a) Example of facial camera view (used for infant monitoring and 

tagging), b) Violin plots - proportion of time that the 5 main tags were present 

(268 runs for 63 participants tagged) 

Note: Infant facial photograph given with parental consent/permission for 

publication/thesis. 
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Figure 3-8 Violin Plots of proportion of time (%, awake runs) per participant 

that a tag was present. a) cohorts (Control vs NICU) and b) tasks (Videos vs 

Pictures) 

(Image courtesy of Ms Áine Dineen, Cusack Lab, Trinity College Dublin). 

 

3.5.5 Incidental Findings 

Anatomical T2 images were acquired in 70 infants (52 of the 75 control infants 

and 18 of the 25 NICU infants). Two control and one NICU participants’ images 

had severe movement artefacts, but the remaining 67 were shared with 

collaborating paediatric radiologists, who found incidental findings in two (3%), 

which were then followed up by the collaborating paediatricians. Despite some 

of the 17 NICU infants having known radiological findings on previous clinical 

imaging, there were no new (un-related) incidental findings made in any 

research anatomical scans. 
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3.5.6 Caregiver Feedback 

 

Of these first 100 infants, 63 infants’ caregivers attended following the 

introduction of an additional ‘parental feedback questionnaire’ (the other 37 

parents attended prior to the commencement of the questionnaire). Of these 

possible 63 caregivers, 58 completed a questionnaire (5 did not). Questionnaires 

(58 total) were analysed, and any specific questions not answered were deemed 

‘NA’. Questions in this parental feedback questionnaire are shown in the 

Appendix [See Appendix]. 

 

Results of the questionnaire show a positive attitude towards infant fMRI 

scanning ( 

Figure 3-9). Parents of 52 infants (90%) agreed or strongly agreed that their 

infant was comfortable during scanning (only 1 parent disagreed). Parents of 53 

infants (91%) agreed or strongly agreed that their child’s participation 

contributed towards ‘usable awake’ MRI data, while parents of 43 infants (91%) 

who fell asleep (47 infants fell asleep) agreed or strongly agreed that their 

child’s participation contributed towards ‘usable asleep’ MRI data. Parents 

appeared to learn/understand more clearly the different types of research MRI 

used. Prior to attending parents of 14 infants (24%) did not understand the 

difference between structural MRI (sMRI) compared to functional MRI (fMRI), 

but after attending the 2-month scanning, this reduced to parents of 5 infants 

(9%), representing an improvement in understanding following time spent 

scanning/participating as caregivers. 
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Figure 3-9 Parent feedback (58 of 63 possible respondents): Counts of answers 

to Likert-type questions 

[* = out of the 47 respondents whose infant fell asleep] 
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3.6 DISCUSSION 

 

It is hoped that brain functional MRI data captured during these awake infant 

fMRI (naturalistic movie clips and pictures) runs will allow the investigation of 

the emergence of semantic representation in infancy, allow longitudinal 

analyses (similar stimuli repeated at 9-month timepoint), allow a multitude of 

analytic approaches (time-coded models, model-free, and traditional 

connectivity analyses), and potentially shed light on typical and disrupted (NICU 

group) development.  

 

To date, this current study’s methods have resulted in 92 out of 100 infants 

achieving at least one full awake run with many infants providing multiple runs. 

It was seen that most 2-month-old infants stay awake and settled for 

approximately 15 minutes (average 2 complete video runs and 1 picture run) of 

awake task-based fMRI scanning. In this current study a median of 19.1 (IQR 

8.4) minutes of awake fMRI data was acquired for the group. Importantly it was 

discovered that infants tolerated the movie runs better than the picture runs. 

This was likely due to the fact that movie clips are animate and dynamic while 

also possibly due to the fact that the movie clips were always presented first 

(element of ordering effect and participant fatigue perhaps). In a recent survey 

of 54 international expert researchers (81% from north America) in 

infant/toddler neuroimaging only 5 of the 54 experts responding had experience 

in awake task-based fMRI studies in infants (Hendrix and Thomason, 2022). 

These experts surveyed felt that 80-90% of scans resulted in usable data for 

young infants (< 3 months age) who underwent task-based fMRI scans (Hendrix 

and Thomason, 2022). This current study’s results to date confirm the reported 

success rates of awake fMRI in this specific age group. 

 

This study has discovered important practical consideration which it is felt have 

contributed greatly to this study’s success: 

 

Firstly, such was the importance of gaining an infant’s attention at the earliest 

stage of the scan that it was decided to record field map sequences only after 

the first video run (5 mins) was achieved (and using the home screen distractor 

at the same time).  
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Secondly, it was seen that the ability to play audio into the infant headphones 

was a critical success measure as during periods of transition (awake and 

waiting for visual stimuli, or asleep and switching from fMRI gradients to 

anatomical quieter gradients) infants often benefited from lullabies or white 

noise to keep them in a relaxed/asleep state. Interestingly, it was realised that 

infants often woke up during the transition from resting fMRI (louder) to 

anatomical MRI (quieter) sequences due to the considerable drop off in volume 

of the gradient fields. Using audio input (white noise) during this transition 

achieved decreased rates of spontaneous waking at this important junction. In 

addition to audio input, the infant headphones used in this study had the 

capability of active noise cancellation, however it was discovered that the 

‘learning phase’ needed at the start of the fMRI sequence was not amenable to 

maintaining a settled attentive awake infant. 

 

Thirdly, despite prioritizing task-based awake runs, it was found that most 

awake infants ended up falling asleep (80% achieving resting-state fMRI) during 

the same session. This discovery is thought unique to this age group and should 

be considered for future infant fMRI study designs. Unlike other similar study 

paradigms (Ellis et al., 2020) this current study never attempted anatomical 

sequences when an infant was awake, opting instead to repeat task-based runs 

for as long as the infant remained comfortable and cooperative. In addition to 

achieving rsfMRI runs, 70% (52/75 controls and 18/25 NICU) achieved 

anatomical images, which was higher than expected, and so future similar 

paradigms should note this to allow design of analysis steps (registration of 

anatomical to template).  

 

Fourth, this current study did not use real-time motion monitoring software but 

instead depended on the facial camera footage and the opinion of the researcher 

present in the scanner to decide whether excessive infant motion would warrant 

intervention (e.g. taking a break, changing stimulus, parent attending the 

infant). The motion (FWD) data of these first 100 participants compares well to 

thresholds used in previous studies. Compared to motion thresholds (0.5mm 

translation/rotation) used by the MIT group (Deen et al., 2017; Kosakowski et 

al., 2022) most of this current study’s participants’ awake frames (TRs) would 

not be scrubbed, with video runs being better than picture runs (Figure 3-6). 

Similarly, comparing to the Yale group (Ellis et al., 2021a, 2021b; Tristan S. 
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Yates et al., 2023; Yates et al., 2022), this current study’s awake data would 

have few excluded frames (based on a 3mm translation threshold) and very few 

runs (participants) would be excluded. However, future awake infant scanning 

could consider the use of Framewise-Integrated Real-time MRI Monitoring 

(FIRMM) which has been shown to improve rates of usable fMRI data in sleeping 

infants (Badke D’Andrea et al., 2022).  

 

Fifth, this study recognized the importance of the caregiver being visible by the 

infant during placement on the scanner table and encouraged the caregiver to 

stay nearby at-hand during the session (in the MRI control room). Caregivers 

watching (infant facial camera) and hearing (noise-cancelling microphone) their 

infant during a scan allowed parental feedback facilitating the adapting of the 

scanning protocol to meet the state of the infant (for example, switching back 

to movie stimuli if preferred over picture stimuli). It is felt that caregiver 

presence contributed towards correct decision making using the 

dynamic/flexible scanning protocol. Parents’ attitudes surveyed were very 

positive towards the 2-month age scan visit with a dominant feeling that their 

infant was comfortable and provided usable data (self-reported). This positive 

parental feedback is important as it confirms acceptability of conducting infant 

MRI studies at this early age and as such it is hoped that this will ensure good 

ongoing attendance in this longitudinal study. 

 

In the current study paediatric radiologists reported 2 (3%) of 67 infants with 

anatomical sequences having an incidental finding. This rate is similar to the 

median 3% (IQR 1.75 – 5.25%) reported by experts in a recent survey (Hendrix 

and Thomason, 2022). Recently the dHCP group reported a 47% incidental 

finding rate in their 500 healthy term infants scanned asleep (most findings 

consisting of subdural haemorrhage, punctate white matter lesions and 

caudothalamic sub-ependymal cysts) all of which had no clinical 

correlation/significance at Bayley Scales of Infant Development (BSID) at 18 

months (Carney et al., 2021). The infants in the dHCP study were scanned 

within 1 week of birth, and as such the higher rates of incidental findings are 

likely in part explained due to this earlier proximity to birth date (i.e., resolution 

of birth related radiological findings had not yet occurred).  
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Finally, the infant fMRI community has recently published articles aiming to 

address the challenge of fetal, infant and toddler MRI research (Spann et al., 

2023) and how the community of neuroscientists, neonatologists, radiologists 

and engineers are combining their expertise to advance learning in this cohort 

(Pollatou et al., 2022). It is hoped this report of this current study’s 

methodology, and initial measures of success, adds valuable information to this 

collective effort.  
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CHAPTER 4 EXAMINING FUNCTIONAL CONNECTIVITY 

IN AWAKE AND ASLEEP INFANTS 
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4.1 ABSTRACT 

Most infant fMRI studies to date have compared infant asleep connectivity to 

adult awake resting-state connectivity. In adults, it has been seen that 

functional connectivity has state-like components in that tasks modulate FC 

patterns in both the group and individual level. Recent literature has shown how 

asleep infants (6 to 12 months age) had functional connectivity resembling adult 

sleep more closely than adult awake state.  

 

This study aimed to determine whether different functional connectivity patterns 

exist in young infants who are both asleep and watching movies (free viewing 

of naturalistic movies) in the same session, and whether a stimulus-evoked 

(shared) connectivity exists in movies state in young infants. Further, this study 

investigated if state difference in connectivity (i.e., movies minus asleep) 

accounted for any stimulus-evoked connectivity in the movies state. Whether 

findings differed between term born and preterm born infants was also 

assessed. 

 

Infants (75 term born, 29 preterm born) attending as part of the FOUNDCOG 

project undertook MRI scanning at 2-months age (corrected age for preterm). 

Infants watched naturalistic movies (485 frames, 5 mins) during awake movies 

runs, and underwent asleep fMRI (1000 frames, 10 mins) if they fell asleep (76 

infants). Within-subject similarity (WSS) was calculated as the Pearson 

correlation of each ROI x ROI (edge) across the timeseries (frames) for that 

infant. Inter-subject similarity (ISS) (stimulus-evoked connectivity) was 

calculated as the Pearson correlation of an infant’s timeseries calculated 

pairwise between each infant’s own run with all other infants’ runs within a 

group. Final group connectivity matrices (400 by 400 Schaefer et al. ROI-level, 

and 14 by 14 Yeo et al. network-level) were calculated by averaging across all 

connectivity (WSS/ISS) from infants in a particular group 

(asleep/movies/term/preterm sub-groups). 

 

Results showed that young infants had strong and consistent patterns of 

connectivity in both states (movies and asleep) measured in the same scanning 

session. In both asleep and movies states, the within network connectivity was 

higher compared to between networks (with visual, somatomotor, dorsal 

attention and salience ventral attention networks having the highest FC). 
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Compared to visual and somatomotor networks, lower within-network functional 

connectivity was seen in the limbic, control and default mode networks. Infants 

born preterm had similar connectivity in limbic network edges in both states 

(while term born infants had relatively lower limbic connectivity in the awake 

state compared to asleep state). Analysis showed how cortical edges containing 

the somatomotor and default networks (left/right/inter-hemispheres) 

dominated the pattern of stimulus-evoked (ISS) connectivity in term infants 

watching movies, while in preterm born infants this finding was limited to edges 

containing the somatomotor network only. State differences (movies minus 

asleep) in connectivity patterns did not appear related to the stimulus-evoked 

(ISS) connectivity seen (both term and preterm groups). 

 

Overall, this study shows subtle differences in connectivity between asleep and 

awake (movies) states in young infants (term and preterm groups), and that 

these differences do not appear driven by a shared visual stimulus (the movie). 
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4.2 INTRODUCTION 

 

4.2.1 Adult functional connectivity, task and arousal state 

 

In adolescent/adult studies, resting state fMRI (rsfMRI) is usually acquired when 

participants are awake while letting their minds freely wander. The resulting 

resting state networks (RSNs) are dominated by low frequency BOLD signal 

fluctuations, have distinct spatial patterns and time courses. To some extent 

they appear to be invariant across mental state, as they are present even during 

sleep and anaesthesia (Vincent et al., 2007), and functional connectivity (FC) 

during resting and task evoke networks with many similarities in adults (Smith 

et al., 2009). However, there is also evidence that FC reflects a mixture of 

spontaneous and task-evoked activities. In a paradigm using MEG and fMRI 

during rest versus movie watching (task) in adults, it was seen that rest and 

task networks were different (Betti et al., 2013). In adults, it has been seen that 

functional connectivity has state-like components in that tasks modulate FC 

patterns in both the group and individual level (Finn et al., 2017; Gratton et al., 

2018). In a further adult study of functional connectivity, it was seen that task-

evoked activity is not independent from spontaneous activity, and that engaging 

in a task may suppress spontaneous activity and its inter-regional correlation 

(Lynch et al., 2018). This difference in connectivity between states is also seen 

at younger ages and in a study of children/adolescents different functional 

connectivity patterns were derived across states (resting/movies) which allowed 

a predictive model accurately determine state (resting versus movie watching) 

(Sanchez-Alonso et al., 2021) 

 

Furthermore, when fMRI was acquired while adults were asleep, connectivity 

was found to be different to their awake resting-state patterns (Tagliazucchi et 

al., 2012), primarily in associative networks (frontoparietal control networks 

and default networks primarily) (Houldin et al., 2021; Spoormaker et al., 2012) 

reflecting the effects alterations in cognition/consciousness in sleep. Even when 

awake, adult resting state fMRI is susceptible to confounds due to differences in 

arousal, and indeed in children/adolescents studies bespoke movies 

commanding attention have been seen to improve compliance/data (Vanderwal 

et al., 2015). 



105 
 

 

4.2.2 Infant functional connectivity 

 

Functional connectivity (resting/asleep) MRI does not require the performance 

of specific tasks in the scanner, thereby removing one of the most difficult 

obstacles in functional neuroimaging of the infant brain. Instead, fcMRI 

examines the temporal correlation of spontaneous blood-oxygen level 

dependent (BOLD) signals in the absence of any external tasks.  

 

In a large longitudinal rsfMRI (asleep) study of infants during the first 2 years 

of life researchers showed that local FC and bilateral symmetric FC emerge in 

newborns (forming adult-like primary visual and motor-sensory networks), 

however higher-order FC networks experience dramatic long-range 

synchronization/connectivity during the infant postnatal period (Gao et al., 

2015b). Indeed this infant developmental period was marked by a maturation 

sequence from primary sensorimotor/auditory to visual to attention/default-

mode, and finally executive control networks (Gao et al., 2015a).  

 

Despite the fact that functional networks in preterm born infants develop during 

rapid neural growth during the NICU period (third trimester period) (Doria et 

al., 2010), group-level differences within these functional networks have still 

been seen in infants born premature and scanned asleep at TEA (C. D. Smyser 

et al., 2016b). Multiple studies to date have shown alterations in functional 

connectivity network development associated with prematurity (Cao et al., 

2017; Doria et al., 2010; Fransson et al., 2007, p. 20; Smyser et al., 2010). 

These infant fMRI studies carried out during sleep have reported weaker 

functional connectivity in preterm born infants, compared to term-born controls, 

in areas involved in motor function (Smyser et al., 2010) to regions associated 

with motor, cognitive, language, and executive functions (Gozdas et al., 2018) 

or frontal cortex and basal ganglia (Ball et al., 2016). These findings may be 

linked to the motor or other impairments observed in preterm infants with 

structural or microstructural brain lesions in the preterm brain (Linke et al., 

2018; Rogers et al., 2018; Smyser et al., 2019). 
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Infant functional connectivity has been exclusively assessed in the sleep state. 

This is the most practical method of scanning in young infants (mitigating 

upset/movement) and experts agree that this method is largely successful up 

to approximately 3-4 months of age (feed & wrap technique) (Hendrix and 

Thomason, 2022). In recent years there have been a number of large projects 

which have included asleep infant fMRI analysis such as the Developing Human 

Connectome Project (http://www.developingconnectome.org), the Baby 

Connectome Project (http://babyconnectomeproject.org) and the ongoing 

HEALthy Brain and Child Development study (https://hbcdstudy.org/ ).  

 

Despite the immaturity of long-range connectivity as newborns, the neonatal 

brain already shows early formation of resting-state networks and a significant 

overlap with the mature adult brain networks (81%) (De Asis-Cruz et al., 2015). 

Multiple infant studies have now consistently shown that infants demonstrate 

asleep functional networks similar to those of the large-scale functional network 

architecture seen in older paediatric and adult populations (Doria et al., 2010; 

Fransson et al., 2011, 2009, 2007; Lin et al., 2008; Smyser et al., 2010). 

However, most studies to date have been comparing infant asleep FC to awake 

adult resting-state connectivity. This difference in state presents a considerable 

confound.  

 

In the very first awake infant fMRI study (Dehaene-Lambertz, 2002) brain 

activity evoked by speech was assessed in a small group of 3 month old infants, 

some of whom were awake and some asleep. This study showed that listening 

to speech activates a large subset of the temporal lobe, with a significant left-

hemispheric dominance in both awake and asleep infants. However, additional 

activation in right prefrontal cortex was seen only in awake infants. This lack of 

prefrontal activation in asleep infants indicates the influence of infant state – 

perhaps attention - on the task. Attention has also been assessed in an event-

related study of awake infants, aged 3 – 12 months, performing a visual cuing 

task. When attention was triggered/manipulated, fMRI activity showed that 

attention networks (frontal regions) activated more strongly for attention 

events. This effect was seen at 3 months, suggesting that these regions function 

early in development (Ellis et al., 2021b). However, these results also suggest 

that these networks are less engaged when an infant is in a state of less 

attention (with the extreme end of this spectrum being asleep) and has 

http://www.developingconnectome.org/
http://babyconnectomeproject.org/
https://hbcdstudy.org/
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associated implications for sleep/awake states in infant functional connectivity 

analyses. 

 

These results hint at the fact that infant asleep state analysis should not be 

directly compared to adult resting state (awake) analysis. Indeed, one study 

has shown how asleep infants (6 to 12 months age) had functional connectivity 

resembling adult sleep more closely than adult awake state (Mitra et al., 2017).  

 

The stage of sleep also impacts FC in adults, with results from one study 

providing support for contrasting functions for non-rapid eye movement (NREM) 

quiet sleep and rapid eye movement (REM) active sleep, wherein the adult brain 

is purposefully driven into a different FC configuration in NREM and is then 

returned to a wakefulness-like configuration in REM (Houldin et al., 2021). Sleep 

stage level can have an impact on FC in neonates also, and indeed a fNIRS 

combined with EEG study assessed FC in neonates and showed that inter-

hemispheric FC was stronger during active sleep (REM) than quiet sleep, 

whereas intra-hemispheric short-range FC was enhanced during quiet sleep 

relative to active sleep (Lee et al., 2020). Indeed, the typical practice of 

measuring FC using MRI in infants during natural sleep may not be appropriate, 

since newborn sleep is physiologically heterogeneous and each sleep state is 

associated with a different functional connectivity network pattern (Tokariev et 

al., 2019, 2016). Further, different groups of infants cannot be presumed to 

sleep similarly, for example preterm born infants also demonstrate impaired 

sleep architecture, decreased sleep efficiency, and abnormal sleep patterns 

relative to their term-born counterparts at birth, at comparable post-conceptual 

ages (Eiselt et al., 1997; Horne et al., 2000).  

 

It is likely that the variability in brain state during infant asleep studies has 

played a part in the heterogeneity of results, and indeed stability of the 

functional connectome in infants, across sessions, has been seen to be low-

moderate when infants were asleep (Ciarrusta et al., 2021; Dufford et al., 

2021b; Hu et al., 2021b; G. King et al., 2023; Q. Wang et al., 2021).  
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4.2.3 Inter-subject functional connectivity 

 

Brain activity during a task reflects an unknown mixture of spontaneous and 

task-evoked neural activities. As such, the task-dependent FC should reflect the 

changes in both task-evoked networks and spontaneously emerging networks. 

If the task-dependent FC is due to the task-evoked activity, its pattern reflects 

the network interactions directly involved in information processing for task 

execution. If the task-dependent FC is attributed to ongoing activity, its pattern 

is driven by the brain’s functional re-organization or adaption to facilitate the 

task (Lynch et al., 2018). Indeed in a simultaneous EEG and fMRI study in adults 

researchers observed that spontaneous alpha-rhythm power fluctuations largely 

explain task evoked fMRI response variance in extrastriate, thalamic, and 

cerebellar areas (Becker et al., 2011). Further task-evoked changes in FC 

patterns have been seen to allow the tracking of mental state in adults (windows 

as short at 22 seconds) with high accuracy (Gonzalez-Castillo et al., 2015). 

 

In recent years, movies have been used in fMRI analysis in children. The idea 

of using movies to improve compliance is not new; labs and hospitals have been 

showing cartoons during structural MRI sequences to improve image quality and 

avoid sedation during paediatric scanning (Raschle et al., 2012). Using movies 

has been shown to improve compliance in a fMRI study involving 3 – 7 year old 

children (Vanderwal et al., 2015). As such, many fMRI studies in the last decade 

or so have used movies to investigate functional brain development in children 

aged approximately 4 years age or older (Table 1: (Vanderwal et al., 2019)).  

 

Naturalistic stimuli carry rich information to engage subjects in a more 

behaviourally relevant context (unlike the task free resting state in adults) while 

inducing highly reliable responses within and across adult subjects (Finn and 

Bandettini, 2021; Gal et al., 2022; Hasson et al., 2010, 2004; Sanchez-Alonso 

et al., 2021; Vanderwal et al., 2019). The most commonly used naturalistic 

stimuli in paediatric research has been movies which provide a compelling 

mixture of visual and auditory events to maintain the child’s cooperation (e.g., 

language, face processing, social interactions, different camera angles, music) 

and are amenable to FC analyses (i.e., identification of spatially separate brain 

regions or voxels that have correlated BOLD signal time-courses) (Sanchez-

Alonso et al., 2021).  
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Hasson et al. described the idea of a time-locked stimulus shared across 

participants and the associated intersubject correlations (ISCs), in which the 

BOLD-signal time course in voxel A of subject 1 is correlated with the time 

course in voxel A of subject 2, and so on (Hasson et al., 2004) (Figure 4-1). 

Building on the work by Hasson et al., Simony et al. proposed the use of 

intersubject functional connectivity (ISFC) during sustained and naturalistic 

stimulation to extract task-evoked functional connectivity without contributions 

from ongoing activity or non-neuronal noise (Simony et al., 2016) (Figure 4-1).  

 

 

 

Figure 4-1 Inter-subject functional correlation (ISFC) method. 

Simony, E., Honey, C.J., Chen, J., Lositsky, O., Yeshurun, Y., Wiesel, A., Hasson, 

U., 2016. Dynamic reconfiguration of the default mode network during 

narrative comprehension. Nat Commun 7, 12141. 

https://doi.org/10.1038/ncomms12141. (a) During task processing the 

measured BOLD signal can be decomposed into stimulus induced signal (blue), 

https://doi.org/10.1038/ncomms12141
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intrinsic neural signal (spontaneous fluctuations) and non-neuronal signal (for 

example, physiological noise) (red). (b)Seed-based functional connectivity 

(FC) is the Pearson correlation between a time course extracted from a seed 

region (1) in subject X, and all other regions in the same subject, for example, 

region (2). This can be estimated as the sum of stimulus-induced correlations 

(blue) and intrinsic neural correlations (red), which are difficult to separate. 

(c) Point-to-point inter-subject correlations (ISC): stimulus-induced 

correlation (blue) between time courses from the same region (for example, 

region 1) across subjects X and Y. ISC reveals stimulus-induced within-region 

correlations that are shared across subjects. (d)Seed-based ISFC is the 

Pearson correlation between a time course extracted from one region in 

subject X and all other regions in subject Y (for example, Region 1 in subject 

X versus region 2 in subject Y). (e) Network-based ISFC are the Pearson 

correlations between a network of brain regions in subject X and a network of 

brain regions in subject Y. This correlation matrix computed across brains (the 

diagonal represents ISC) filters out intrinsic and non-neuronal correlations and 

highlights stimulus-induced inter-regional correlations that are shared across 

subjects. 

 

 

The ISFC method has unique strengths in that it requires few assumptions about 

the structure of the stimulus (which features are important) or the neural 

response (the haemodynamic response) and so can achieve strong stimulus-

driven signal (Finn, 2021). This may lend itself to infant fMRI analysis. 

 

Combining the ISFC method and naturalistic paradigms (movies) can produce 

rich neural responses in both shared (inter-subject) (Nastase et al., 2019) and 

idiosyncratic components (Finn et al., 2020). Already, in older children, ISFC 

has been shown to correlate strongly with behavioural/developmental outcomes 

such as cognition scores in children 3 – 12 years old (Richardson et al., 2018), 

age, and measures of attention in children 4 – 6 years old (Moraczewski et al., 

2018).  
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4.2.4 Aim and Objectives 

 

The aim of this study was to assess at the group level, the possibility that 

functional connectivity MRI analysis in awake infants attending movies in the 

scanner may contain different and rich information compared to asleep data 

alone. This study therefore aimed to compare functional connectivity patterns 

between sleeping and awake movie watching in young infants. To achieve this 

aim the following objectives were tasked: 

 

- To determine whether functional connectivity showed different patterns 

in asleep state versus movies state (free viewing of naturalistic movies) 

- To use the inter-subject functional connectivity method (Hasson et al., 

2004; Simony et al., 2016) to attempt to isolate stimulus-evoked changes 

in connectivity, by determining if there is a shared connectivity and if so, 

whether the connectivity is significant at the group level, and what 

cortical pattern does this shared connectivity take. 

- To see if a state-independent (across-state) connectivity exists, and if so 

to compare this state-independent connectivity to any connectivity 

shared within states. 

- To investigate if state difference in connectivity (i.e., movies minus 

asleep) accounts for any task-evoked (shared) connectivity in the movies 

state in these young infants. 

- To assess whether preterm born infants (scanned at 2 months corrected 

age) have different findings (these objectives) to term born infants 

(scanned at 2 months age), and if so, what is the difference in magnitude 

or pattern of any differences. 
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4.3 METHODS 

 

4.3.1 Participants 

 

The first 100 infants recruited as part of the FOUNDCOG study were included. 

This consisted of 75 term controls and 25 graduates of the NICU (see previous, 

Figure 3-4). To allow more data representing the preterm group, four additional 

NICU participants (scanned Oct – Dec 2022) were included in the preterm group 

(in addition to the first 25 NICU participants). Details of the detailed practical 

setup for awake (movies) and asleep infant fMRI scanning are given previously 

in this thesis (Chapter 3).  

 

Infants attended for scanning at 2 months post-menstrual age (all infants born 

either term or preterm were each corrected to their PMA). All infants were 

scanned in the same Siemens Prisma 3T MRI scanner in the one visit/session. 

For as long as the infant remained awake and attending the stimuli, two awake 

run paradigms were alternated, starting with movies run and then pictures run. 

As movies runs were achieved more successfully (more runs achieved and less 

motion) and as the 6 movie clips were at least 23 seconds duration, it was felt 

that this awake task run was best placed for analysis of functional connectivity 

(rsfMRI) in this infant population (picture runs were not included in this 

analysis). If the infant fell asleep, we acquired resting-state fMRI (1000 

volumes) and then a T2-weighted anatomical sequence, as detailed previously 

in this thesis (Chapter 3). These infants fell asleep naturally (no sedation) 

having commenced the session awake. 

 

4.3.2 State/Stimulus 

 

All infant movie and asleep data came from distinct functional runs (i.e. no 

concatenation of volumes/frames). Movie runs were collected while infants 

watched 6 short movie clips. Movie runs meeting the motion criteria were 5 min 

(485 volumes) long. Infants’ eyes were approximately 30 cm away from the 

projected image, and the image proportions were chosen to ensure that the 

images appeared within the 30-degree visual field angle and salient elements 
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of the visual scene were large and central in the image. Audio input was included 

and consisted of the audio of the movie-clip (ANC was not included).  

 

The order of the 6 movie clips (23 seconds each) an infant saw were randomly 

chosen (counterbalanced as the study progressed) to make up the 5 minute 

movies run. Despite infants seeing different orders of movie clips (during the 

480 frames/5 mins), we collapsed across all 6 movie clips to assess the “general 

effect” of awake movie watching on functional connectivity, and to allow 

increased power in our analysis. While some would have concern that this 

collapsing would confound the interpretation of results, a previous study in 10 

healthy adults viewing four distinctly different movies showed the frontoparietal 

network becoming more integrated with other networks during movies and did 

not differ significantly across the four conditions/movies (Vanderwal et al., 

2019). While the exact timings of the visual images during the movies run were 

not relevant for analysis, it was important to ascertain whether the infant 

participants attended the images during the movies run. This assessment has 

been conducted at the group level (see Section 3.5.4) and has shown that for 

approximately 85% of the time during a movie run infants were interested in 

and using their eyes to scan the visual image in front of them (with 

fussing/crying approximately 4% of the time). Future work will involve 

including/excluding specific movie runs for analysis based on the predominant 

infant state/behaviour in the corresponding facial camera footage.  

 

 

As has been shown previously in this thesis (3.5.4.3 Infant attention), the tag 

‘interest_scanning’ (i.e. the infant was interested in and conducting eye 

scanning of the visual stimulus) was tagged approximately 85% of the time 

(while ‘fussing’ and ‘vocalizing’ was tagged approximately 4% of the time) in 

the movies runs. 

 

Infant asleep runs were collected during natural sleep with the display turned 

off, without visual stimulation. Sleep state was not assessed by EEG/other, but 

all infants were assumed to be asleep based on extended eye closure and 

stillness, as viewed both by the researcher in the scan room, and online via an 

MR-safe camera (radiographer controlling the MRI run). The asleep fMRI run 

was stopped as soon as it was felt that the infant was no longer asleep. Asleep 
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runs were 10 min long (1000 volumes). Asleep runs (surviving motion 

thresholds) were successfully obtained in 76 infants (56 term controls and 20 

preterms). To match the movies run duration, only one portion of the asleep 

run was chosen (i.e. a portion of 480 consecutive frames).  

 

 

4.3.3 Code 

The code used for pre-processing, data handling, analysis, statistics, and output 

graphics is available at (please contact to request access permissions):  

https://github.com/Grahamgithubking/foundcog_pipeline/tree/master/graham

_code  

 

 

4.3.4 Pre-processing 

 

For fMRI runs the CMRR (https://www.cmrr.umn.edu/multiband/) gradient-

echo multiband EPI sequence was used (acceleration factor 4), 3 x 3 mm in-

plane, 36 slices of 3 mm plus 10% gap, phase encoding anterior-to-posterior, 

repetition time (TR) 610 ms, echo time (TE) 32 ms, flip angle 40 degrees, echo 

spacing 0.54 ms.  

 

MRI data were converted from DICOM to NIfTI format using dcm2niix 

(https://github.com/rordenlab/dcm2niix ) (Li et al., 2016). The FMRIB Software 

Library FSL was used in the pre-processing steps (Smith et al., 2004).  

 

Motion was determined using FSL MCFLIRT (Jenkinson et al., 2002), using the 

middle volume as the standard reference, and the 6 motion parameters (3 

translation, 3 rotation) were used to calculate framewise displacement (FWD, in 

mm) (Power et al., 2012) using Nippype software algorithm (Gorgolewski et al., 

2011).  

 

Two spin-echo reference protocols were acquired for distortion correction each 

time the infant was positioned in the head coil (i.e. once per session), one with 

phase encoding anterior-to-posterior and the other posterior-to-anterior, with 

https://github.com/Grahamgithubking/foundcog_pipeline/tree/master/graham_code
https://github.com/Grahamgithubking/foundcog_pipeline/tree/master/graham_code
https://www.cmrr.umn.edu/multiband/
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the same geometry as the fMRI run but without multiband for better tissue 

contrast (TR=2,260 ms, TE=32 ms, FA=40 degrees, 10 volumes). 

Following motion correction with FSL MCFLIRT, the field distortion estimation 

from FSL TOPUP (Andersson et al., 2003) was then applied to the EPI data to 

correct for susceptibility distortion. One subject (of these 100 participants) was 

excluded due to failing to obtain field maps. 

 

As a T2-weighted anatomical scan was not presumed/expected during the 

session (not needed as an inclusion criterion) a bespoke method of co-

registration/normalisation of the functional images was devised. To allow co-

registration of a subject’s multiple fMRI runs, a co-registration reference run 

was chosen (with asleep/resting state being the preferred co-registration run in 

any subject who had both resting state and movie runs). The mean of this 

chosen run was used as the co-registration reference. The mean images of a 

subject’s other runs were then co-registered (FSL FLIRT) using 12 DOF. Using 

the transformation matrices (from these co-registrations) the mean image of 

each run was re-oriented (applyXFM) to the space of the reference run. 

Averaging (ants.AverageImages) these mean images produced a single average 

volume in the reference space. 

 

For spatial normalisation to a common group space, a 2 – 5 month age infant 

T2-weighted template was used (Fonov et al., 2009). Using FSL FLIRT (cost 

function=mutual info, DOF=12) the single average volume was linearly 

registered (normalised) to the infant template. Combining both transformations 

(using fsl.utils.ConvertXFM) a subject’s distortion corrected (FSL TOPUP) 

functional runs were then both co-registered to the reference run and 

normalised to the template (applyXFM). The runs were then smoothed using a 

gaussian kernel (FWHM=5.0) using fsl.SMOOTH to allow for inaccuracies of 

spatial normalisation. Of note, functional runs were not slice time corrected as 

the TR was short at 0.61sec, and a multiband EPI sequence was used. Global 

signal reduction (GSR) was not applied as this analysis aimed at determining 

differences between groups of infants with different noise characteristics and so 

the effect of GSR was not certain (Murphy and Fox, 2017).  
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4.3.5 Quality Control 

 

Infants were excluded in analysis if they had known structural abnormalities on 

previous anatomical MRI (while in the NICU) or current anatomical MRI (if T2-

weighted scan achieved) scans. As a result, this excluded four NICU infants from 

the dataset. 

 

To check adequacy of the co-registration/normalisation step the single average 

volume (EPI image) for a subject (in the template space) was overlayed on the 

segmented (csf/grey/white matter) infant template. Quality control consisted of 

checking this fit for all subjects. One subject was excluded due to poor 

normalisation to template.  

 

 

Figure 4-2 Quality Control (repeated for each subject): overlay of the single 

average volume (EPI) for an example subject on the segmented infant 

template. 

 

For the 77 infants (of 100 participants) who did provide a T2-weighted 

anatomical scan (not presumed/expected) during the session, the T2-weighted 

anatomical image (co-registered to the reference run and transformed to the 

template using the same transformation as the EPI data) was also used as 

quality control check. This allowed determination of adequacy of grey/white 

matter fit.  
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Figure 4-3 Quality Control (77 of 100 subjects): overlay of the T2-weighted 

anatomical for an example subject on the segmented infant template. 

 

Further, it was noted that the shipped NIHPD 02-05 template mask was not 

including a considerable amount of the infants’ temporal lobes. As such the 

mask was manually edited to allow inclusion of the missing parts of the temporal 

lobes. This manually edited mask was used to adjust the T2-weighted template 

used for normalisation to template. The co-registration/normalisation step was 

repeated for all runs/images using this updated/edited T2-weighted template. 

 

 

Figure 4-4 View of the manually added/edited mask (green) of the NIHPD 02-

05 month infant template.  
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4.3.6 Motion threshold 

 

In keeping with other recent studies (Ellis et al., 2021b; Yates et al., 2022) in 

awake infant fMRI a FWD threshold of 3mm was chosen. However, where other 

awake studies have usually kept runs with 50% of volumes meeting this 

threshold, we instead required that less than 10% of volumes could meet this 

threshold (in keeping with the approximated number of similar volumes in the 

asleep runs). This motion threshold criterion was termed ‘standard motion 

threshold’. In further/stricter analyses (termed ‘stricter motion threshold’) we 

limited this FWD threshold to 0.5mm (i.e. less than 10% of volumes of the whole 

run were allowed to have 0.5mm FWD or greater, for the run to be included). 

 

 

4.3.7 Brain parcellation 

 

The Schaefer 400 parcellation (7 networks) atlas (Schaefer et al., 2018) was 

used for parcellation. Details of these parcels/networks can be found in the 

appendix [See Appendix]. This is an adult parcellation based on the 7 functional 

connectivity networks as determined by Yeo et al. (Thomas Yeo et al., 2011a). 

The 7 functional networks consist of: visual, somatomotor (smtr), dorsal 

attention (dsattn), ventral attention (sva), limbic, frontoparietal control, and 

default networks. 

 

Table 4-1 Number of parcels per functional network 

Functional Network No. parcels in network 

LH_visual 31 

LH_smtr 37 

LH_dsattn 23 

LH_sva 22 

LH_limbic 13 

LH_control 22 

LH_default 52 

RH_visual 30 

RH_smtr 40 
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RH_dsattn 23 

RH_sva 25 

RH_limbic 13 

RH_control 30 

RH_default 39 

Left hemisphere (LH), right hemisphere (RH) 

 

To construct individual functional connectivity matrices, we averaged BOLD 

activity over all voxels in each parcel. This signal extraction was conducted using 

nipreps (https://www.nipreps.org/niworkflows/1.0/api/niworkflows. 

interfaces.images.html). 

 

 

4.3.8 Functional connectivity 

 

Functional connectivity was examined at the group level (FC matrices of the 

average FC across a group) for initially term born infants (healthy controls), and 

then separately for preterm born infants (NICU graduates).  

 

As the movie runs were 480 TRs (volumes) in duration (5 initial volumes were 

discarded due to T1 equilibrium effects), the asleep runs were therefore similarly 

shortened to 480 consecutive TRs in length. This was so that both movies and 

asleep runs would contain the exact same number of volumes. Any infants with 

repeat sessions of movie watching (meeting the motion threshold criterion) had 

the session with the lowest mean FWD chosen as the selected session 

representing that infant.  

 

4.3.8.1 Within-subject similarity (within state) 

Within-subject similarity (WSS) was calculated as the Pearson correlation of the 

timeseries for a parcel with every other parcel across the number of TRs 

(volumes) within the subject’s own run. The group-level connectivity was 

calculated as the mean of all subjects’ WSS in the group. Group-level 

connectivity matrices were created by averaging across each infant in the group. 

 

https://www.nipreps.org/niworkflows/1.0/api/niworkflows.%20interfaces.images.html
https://www.nipreps.org/niworkflows/1.0/api/niworkflows.%20interfaces.images.html
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4.3.8.2 Inter-subject similarity (within state) 

To calculate inter-subject similarity (ISS) within each state (asleep-asleep, 

movie-movie) the inter-subject functional connectivity method was used 

(Hasson et al., 2004). Pearson correlation of the timeseries was calculated 

pairwise (between each subject’s own run with all other subjects’ runs) within 

the group (avoiding autocorrelation with self/same subject). The pairwise 

correlation was taken as the average of the two (400 by 400) off-diagonal 

matrices from the correlation (800 by 800) array. The group-level shared 

similarity was calculated as the mean of all subjects’ ISS in the group. To 

prevent leak (autocorrelation with another subject of similar characteristic) any 

sub-groups (e.g. preterm/term) were strictly pairwise correlated (ISS) with only 

subjects from their respective sub-group. Final connectivity matrices (400 by 

400) were created by averaging across all infants in the group. 

 

4.3.8.3 State-independent similarity (across states) 

To calculate similarity across states (asleep-movie), we used inter-subject 

functional connectivity (Hasson et al., 2004) by Pearson correlating the 

timeseries between each subject’s own run (in one state) with all other subjects’ 

runs in the other state (avoiding autocorrelation with self/same subject). This 

was to assess whether there was any shared/evoked functional connectivity that 

was independent of the infant’s awake/asleep states. This across-states 

similarity was termed ‘state-independent similarity’ (SIS). 

 

 

4.3.8.4 Connectivity resolution 

For both awake and asleep analyses connectivity was examined at the Schaefer 

et al. parcel level (400 by 400) and the Yeo et al. 7-network level (14 by 14, as 

each network was separated into hemispheres). Network level connectivity was 

determined by calculating the arithmetic mean of the corresponding parcels of 

the 2-dimensional parcel level connectivity array. Parcels located on the leading 

diagonal (within parcel timeseries correlation) of the parcel level array (400 by 

400) (i.e. value of ‘1’) were not included in the arithmetic means for their 

respective networks. 

 

To examine the within (intra-) network connectivity compared to the inter-

network connectivity (Yeo et al. 7 networks), the intra-network connectivity was 
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taken as the value of the main diagonal of the 14x14 network level FC matrix. 

The inter-network connectivity was calculated as the average connectivity 

between the selected network and the other 13 networks (including left and 

right hemispheres) in that row of the FC matrix.  

 

4.3.9 Timeseries signal cleaning 

 

As less than 10% of volumes were allowed to meet the FWD threshold (i.e. 90% 

of volumes had to be below the chosen FWD threshold) in any run (movie or 

asleep), it was decided to keep the 480 consecutive volumes/frames intact, and 

no volume scrubbing/censoring was applied. As the segment length was 

relatively short (480 volumes) and the high pass filter was 0.01Hz, it was 

considered that there was no real need to detrend the segment. 

 

4.3.9.1 Signal cleaning for Within-subject (Individual) Similarity 

 

Steps of signal cleaning for WSS included the following (in order): band pass 

filtering; confound regression; and z-scoring. 

For band pass filtering the signal was filtered between 0.01 and 0.1 Hz (as is 

common in infant/child connectivity literature). For confound regression the 

corresponding motion parameter file (FSL MCFLIRT motion correction) 

containing estimated 3 rotations and 3 translations for each TR was uploaded. 

Confound regression includes fitting a linear model using motion estimates as 

regressors then subtracting it out from the signal. The output was z-scored 

meaning the timeseries were shifted to zero mean and scaled to unit variance. 

 

4.3.9.2 Signal cleaning for Inter-subject (Group) Similarity 

 

For ISS, steps of signal cleaning were limited (as by the nature of correlation 

across subjects, it is only the task-evoked signal that is shared, and not noise). 

As such signal cleaning steps included: band pass filtering (0.01 – 0.1 Hz); z-

scoring the output. Confound regression of motion parameters was not included 

(unlike in the case of WSS). 
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4.3.10 Network Edge Dissimilarity – Calculation 

 

To determine how dissimilar network-level edge connectivity was comparing one 

edge to all other edges, Welsh’s t-test (unequal variance t-test) was used 

(Equation 7). This was calculated using the sample of connectivity values (all 

infants) for that edge and comparing it to the sample (all infants) of the average 

connectivity of all other edges (except that edge). Welsh’s t-test results in a 

ratio where the numerator is the difference in the means between two samples, 

and the denominator is the dispersion/variability of the two samples. The higher 

the t-test value the more dissimilar that edge compared to all other edges. 

 

 

Equation 7 

 𝑋 = mean of sample 

𝑠2 = variance of sample 

N = number of data points in the sample 

 

To visualise the dissimilarity (t-test values) for each edge (network-level), and 

to compare inter-hemispheric and inter-network patterns, Circos plots were 

created using pycirclize for python ( https://moshi4.github.io/pyCirclize/ ). 

 

 

4.3.11 Significance testing 

 

To determine significant parcel-parcel (Schaefer et al. 400 parcels) or network-

network (Yeo et. al 7 networks) edges/connections, the group mean was 

bootstrapped (1,000 resamples). The bootstrap python function from SciPy 

(SciPy v1.14.0 Manual, n.d.) was used. This returned the bootstrap distribution 

(i.e. the values of the mean for each of the 1,000 resamples).  

 

https://moshi4.github.io/pyCirclize/
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Table 4-2 SciPy function parameters for bootstrapping 

Statistic Mean 

Vectorized True 

Axis 0 (first dimension of 3D array) 

N_resamples 1,000 

Batch 10 

Method ‘basic’ 

Random state Numpy random number generator 

 

 

Significance (p values) were determined using a 1-tail test for each of the 

positive or negative correlation values respectively. The proportion of the 1,000 

resamples (bootstrapped distribution) of the statistic (mean) that had the 

opposite direction (positive/negative) to the original value (i.e. that were less 

than zero for originally positive correlations) gave the p-value for the positive 

correlations. Likewise, the proportion of the 1,000 resamples of the statistic that 

had the opposite direction to the original value (i.e. that were greater than zero 

for originally negative correlations) gave the p-value for the negative 

correlations. 

 

To allow for multiple comparisons correction (105 comparisons for network-level 

analysis and 80,200 comparisons for parcel-level analysis), the ‘FDRcorrection’ 

python function from Statsmodels (Statsmodels, n.d.) used the 

Benjamini/Hochberg method for independent or positively correlated tests 

(Benjamini and Hochberg, 1995). 

 

Table 4-3 Parameters for Statsmodels multiple comparisons correction 

function 

Alpha (family-wise error rate) 0.025 (1-sided) 

Method Poscorr# 

Is_sorted False 

 

These corrected p-values were used to determine the significant values of the 

group mean connectivity matrix (two-tailed p-values=0.05). Functional 

connectivity matrix edge values were displayed where p<0.05 (otherwise matrix 

edge values were set to ‘nan’). 
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For a difference is group means, on each bootstrap resample, the mean from 

one group was subtracted from the mean of another group to create a sampling 

distribution of the mean difference. The p-values were defined as the proportion 

of resamples with the opposite sign of the original effect (x2 for 2-tailed t-test). 

Similarly, these p-values were corrected for multiple comparisons (as 

previously).   
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4.4 RESULTS 

 

4.4.1 Impact of T1 equilibrium effects on movies runs 

 

For any full movie run, the EPI timecourse (averaged across all 400 ROIs) and 

the corresponding full FWD file were plotted as % change relative to the mean 

for the run (black lines). Further, the group average EPI and FWD timecourses 

were plotted as % change relative to the mean for the group averages. 

 

In total 95 infants contributed timecourses to this analysis (dark shaded areas). 

An increase in the EPI values was noted for the first 5 TRs (Figure 4-5). This is 

thought to be due to T1 equilibrium effects of the EPI sequence. As a result of 

this realisation, all data used from movies runs was taken from the 5th TR 

(volume) onwards, in order to mitigate this T1 equilibrium effect. 

 

Thereafter, the EPI signal increased slowly until the mid-point of the run, 

followed by a slow decrease in the signal in the second half of the run. The 

inverse is seen in the FWD values (slightly less FWD until the mid-point, followed 

by slowly increasing FWD through the second half of the run) (Figure 4-5). It is 

felt that the novelty of the first movie clip (first half of the run) and including 

the mid-point attention-getter, both commanded attention (less FWD). 

Following the mid-point of the run (second half) an infant got slightly less 

attentive (more FWD).  
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Figure 4-5 Movies runs: change in EPI signal and FWD over time. 

Change in EPI signal (% change relative to mean) and change in FWD (% 

change relative to mean) over time (TR). Individual subject’s BOLD/FWD is in 

transparent grey. Group mean (95 subjects) signal is in yellow (BOLD) and red 

(FWD). A) Full movie timecourses (0-485TRs); B) x-axis zoom of the first 30 

TRs (0-30TRs) of a movies timecourse. 

 

4.4.2 Impact of early movement on asleep runs 

 

For any full asleep (resting state) run the EPI timecourse (averaged across all 

400 ROIs) and the corresponding full FWD file were plotted as % change relative 

A. 

B. 
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to the mean for the run (black lines) (Figure 4-6). Further, the group average 

EPI and FWD timecourses were plotted as % change relative to the mean for 

the group averages. 

 

In total 76 infants contributed timecourses to this analysis. As seen previously 

in both movies and asleep runs, there is an increase in BOLD signal for the first 

5 TRs (T1 equilibrium). In addition, in the asleep runs, the predominant pattern 

is a lower BOLD signal for the first approximately 60 TRs (Figure 4-6). This is 

thought to be due to an asleep infant’s early sleep state at the start of the run. 

Infants had been awake watching movies and had just fallen/transitioned to 

asleep. As a result it is likely that they transitioned to a state of active sleep 

(rapid eye movement sleep) with associated motion (Uchitel et al., 2022). This 

motion can be seen with the corresponding drop in BOLD signal (slowly 

recovering) over the period. Realising this, the first 64 frames (i.e. 5 TRs due to 

T1 equilibirium effects plus 59 TRs due early motion in sleep) of the asleep EPI 

run were avoided in further analyses. 
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Figure 4-6 Asleep runs: change in EPI signal and FWD over time. 

Change in EPI signal (% change relative to mean) and change in FWD (% 

change relative to mean) over time (TR). Individual subject’s BOLD/FWD is in 

transparent grey. Group mean (76 subjects) signal is in yellow (BOLD) and red 

(FWD). A) Full asleep timecourses (0-1000 TRs); B) x-axis zoom of the first 80 

TRs (0-80 TRs) of an asleep timecourse. 

 

4.4.3 Participants contributing functional runs 

 

The first 75 term control participants were included (as seen previously Figure 

3-4). To allow more data representing the preterm group, four additional NICU 

participants (scanned Oct – Dec 2022) were included in the preterm group (in 

A. 

B. 
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addition to the first 25 NICU participants, seen previously Figure 3-4). Of the 75 

control participants, two did not have any functional MRI data. Of the 29 NICU 

(preterm) participants: one was excluded due to not having field maps; four 

were excluded due to having known structural brain pathology; and one was 

excluded due to poor registration to template. The remaining 96 infants (73 

controls, 23 NICU) had functional runs (movies and asleep) assessed to see if 

they met the defined motion thresholds for inclusion. The number of participants 

contributing runs meeting the standard motion threshold are shown in Figure 

4-7. The number of participants contributing runs meeting the stricter motion 

threshold are shown in Figure 4-8. 

 

 

Figure 4-7 Number of participants (Control/NICU) contributing runs meeting 

the standard motion threshold 
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Figure 4-8 Number of participants (Control/NICU) contributing runs meeting 

the stricter motion threshold 
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4.4.4 Asleep state functional connectivity 

 

Asleep functional connectivity was calculated for term born infants (controls). 

For each of the 56 term born infants who fell asleep one asleep run (480 frames) 

was selected. For the stricter motion threshold, 51 infants (51 runs) were 

included (5 infants’ runs failed to survive the stricter motion threshold). 

 

Table 4-4 Asleep – group average characteristics 

 

Motion threshold 3mm 

56 infants 

(mean/std; min-max) 

Motion threshold 0.5mm 

51 infants 

(mean/std; min-max) 

Gestational age 

(weeks) 
39.2/1.1; 37.0-41.7 39.2/1.1; 37.0-41.7 

Scan age (mo.) 2.34/0.39; 1.6-3.5 2.33/0.39; 1.6-3.5 

FWD (mm) 0.18/0.09; 0.07-0.64 0.16/0.05; 0.07-0.29 

 

 

 

4.4.4.1 Asleep state: within-subject similarity (WSS) 

 

The group average FC was very similar when comparing the standard motion 

versus stricter motion thresholds (Figure 4-9) with all FC values being positive 

correlations. The within network connectivity was higher compared to between 

networks (with visual and somatomotor networks having the highest FC). 

Highest inter-hemispheric connectivity was seen in the visual and somatomotor 

networks. Lowest connectivity, both bilateral and inter-hemispheric, was 

between pairs containing the somatomotor and any of limbic/control/default 

networks (Figure 4-9). 
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Figure 4-9 Asleep: within-subject similarity of functional connectivity. 

A1) Schaefer et al. 400 parcel level; A2) Yeo et al. 7 network level; B1) 

Schaefer et al. 400 parcel level (FWD < 0.5mm); B2) Yeo et al. 7 network level 

(FWD < 0.5mm). Values shown surviving bootstrapping significance p<0.05 

(with multiple comparisons correction). 

 

Examining network edge dissimilarity (Figure 4-10), the top 20 t-values (t-

values range: 5 to 9) included within network edges (visual, somatomotor, 

control, dorsal-attention), only one inter-hemispheric homologous edge 

(somatomotor), and inter-hemispheric network edges containing the 

somatomotor - limbic networks. Examining the subset of infants (n = 51 infants) 

who met the stricter motion threshold requirements, top 20 t-values (t-values 

range: 4.75 to 8.5) included the same within network edges (visual, 

somatomotor, control, dorsal-attention), and inter-hemispheric network edges 

containing the somatomotor - limbic and somatomotor – default networks 

(Figure 4-10).  
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Figure 4-10 Asleep within-subject similarity: Network Edge Dissimilarity (t-

values). 

A1) normal motion threshold; A2) stricter motion threshold. 

A1. 

A2. 
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4.4.4.2 Asleep state: inter-subject similarity (ISS) 

 

As a sanity check, we calculated inter-subject similarity during sleep. As there 

is no driving stimulus, there is no reason for synchronisation of fluctuations 

across different subjects. The shared similarity (inter-subject) of infant 

functional parcels/networks during natural sleep was assessed by correlating 

the functional connectivity matrix of one infant pairwise with all other infants 

asleep. Group FC matrices at the Schaefer 400 parcel level showed practically 

no significant shared connectivity (Figure 4-11). This is reassuring. 

 

 

Figure 4-11 Asleep: inter-subject similarity of functional connectivity. 

A1) Schaefer et al. 400 parcel level; B1) Schaefer et al. 400 parcel level (FWD 

< 0.5mm); Values shown surviving bootstrapping significance p<0.05 (with 

multiple comparisons correction). 

 

 

4.4.5 Movies state functional connectivity 

 

For each term born infant (healthy control) who watched movies an average of 

1.8 (min-max: 1-4) runs survived the motion threshold criterion (an average of 

1.1 runs per infant were excluded). For the stricter motion threshold, an average 

of 1.2 (min-max: 1-2) runs per subject survived the motion threshold criterion 

(an average of 1.3 runs per infant were excluded). Of infants with multiple 
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eligible runs, the one run with the least motion was chosen to represent that 

infant.  

 

Table 4-5 Movies – group average characteristics 

 

Motion threshold 3mm 

62 infants 

(mean/std; min-max) 

Motion threshold 0.5mm 

14 infants 

(mean/std; min-max) 

Gestational age 

(weeks) 
39.2/1.1; 37.0-41.7 38.7/1.2; 37.0-41.0 

Scan age (mo.) 2.43/0.45; 1.6-3.6 2.3/0.36; 1.8-2.9 

FWD (mm) 0.58/0.36; 0.14-1.53 0.2/0.04; 0.14-0.27 

 

Characteristics of the infants included in the movies analysis are shown (Table 

4-5). Most apparent is the difference in motion (FWD) between the standard 

and stricter motion groups, and the number of infants included in the respective 

groups (only 14 infants met the stricter motion threshold criterion). Of note, the 

motion (FWD) range (0.14 – 0.27) in the movies/awake stricter threshold group 

is not dissimilar to the motion range seen in the asleep runs (0.07 – 0.29) (Table 

4-4). 

 

4.4.5.1 Movies state: within-subject similarity (WSS) 

 

The group average FC was comparable between the standard motion versus 

stricter motion thresholds (Figure 4-12) with the main difference being that 

between network FC values were weaker in the stricter motion threshold 

analysis. All FC values were positive correlations. The within network 

connectivity was higher compared to between networks (with visual, 

somatomotor, dorsal attention and salience ventral attention networks having 

the highest FC). Highest inter-hemispheric connectivity was seen in the visual 

and somatomotor networks. Lowest connectivity, both bilateral and inter-

hemispheric, was between pairs containing the limbic plus other networks 

(Figure 4-12). 
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Figure 4-12 Movies: within-subject similarity of functional connectivity. 

A1) Schaefer et al. 400 parcel level; A2) Yeo et al. 7 network level; B1) 

Schaefer et al. 400 parcel level (FWD < 0.5mm); B2) Yeo et al. 7 network level 

(FWD < 0.5mm). Values shown surviving bootstrapping significance p<0.05 

(with multiple comparisons correction). 
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Examining network edge dissimilarity (Figure 4-13), the top 20 t-values (values 

range: 5.8 to 11.6) included within network edges (visual, somatomotor, dorsal-

attention), inter-hemispheric homologous edges (visual and somatomotor), and 

both bilateral intra-hemispheric and inter-hemispheric network edges 

containing the limbic network (i.e. limbic paired with any of; visual, 

somatomotor and salience ventral attention networks). Examining the subset of 

term born infants who met the stricter motion threshold requirements (n = 14 

infants), the top 20 t-values (values range: 3.0 to 9.5) included the same within 

network edges (with the addition of the control network), similar bilateral 

homologous edges (with the addition of dorsal-attention network), and similar 

inter-hemispheric network edges (containing the limbic network) when 

compared to the standard motion threshold analysis (Figure 4-13).  
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Figure 4-13 Movies within-subject similarity: Network Edge Dissimilarity (t-

values). 

A1) normal motion threshold; A2) stricter motion threshold. 

A1. 

A2. 
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4.4.5.2 Movies state: inter-subject similarity (ISS) 

 

The shared similarity of term born infant functional connectivity during movie 

watching was assessed by correlating the functional connectivity matrix of one 

infant pairwise with all other infants watching movies, using the inter-subject 

functional connectivity method (Hasson et al., 2004; Simony et al., 2016).  

 

We found that correlation (r values) was lower (Figure 4-14; colorbar range -

0.1 to +0.1) compared to awake/movies within-subject similarity. Interestingly 

the stricter motion threshold connectivity matrix showed stronger positive 

connectivity and less negative connectivity (compared to standard motion 

threshold matrix) (Figure 4-14). Focussing on the stricter motion threshold, and 

comparing to within-subject similarity, the shared inter-subject similarity matrix 

shows a higher proportion of between network edges that are positively 

correlated (compared to the number of within network edges). Only the 

somatomotor network stands out as a notable within network connectivity edge 

(bilaterally and inter-hemispheres). The main between network edges are edges 

containing the somatomotor network (plus another) and the default network 

(plus another), with unilateral and inter-hemispheric edges being equally 

strong. Interestingly, the small negative connectivity seen in edges containing 

the visual networks (standard motion threshold) largely disappear (i.e. non-

significant for the stricter motion threshold) and edges containing visual 

networks seem to not have shared (evoked) connectivity during the movies 

state (Figure 4-14).   
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Figure 4-14 Movies: inter-subject similarity of functional connectivity. 

A1) Schaefer et al. 400 parcel level; A2) Yeo et al. 7 network level; B1) 

Schaefer et al. 400 parcel level (FWD < 0.5mm); B2) Yeo et al. 7 network level 

(FWD < 0.5mm). Values shown surviving bootstrapping significance p<0.05 

(with multiple comparisons correction). 

 

Looking at network edge dissimilarity (Figure 4-15), the top 20 t-values were 

similar for both motion thresholds (values range: 3.3 to 7.9 for standard motion; 

2.8 to 5.0 for stricter motion). For both motion thresholds, top 20 dissimilar 

edges included only one within network edge (somatomotor), and only one 

inter-hemispheric homologous edge (somatomotor). Both the left and right 

visual networks contributed dissimilar edges (in the top 20) on the ipsi- and 

contra-lateral hemispheres.  
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Figure 4-15 Movies inter-subject similarity: Network Edge Dissimilarity (t-

values). 

A1) normal motion threshold; A2) stricter motion threshold.  

A1. 

A2. 
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4.4.6 State-independent similarity (SIS) 

 

The similarity of infant functional parcels/networks across states (asleep-movie) 

was assessed by Pearson correlating the functional timeseries of one asleep 

infant pairwise with all other infants watching movies (and vice versa, averaging 

across the two directions), i.e. using the inter-subject functional correlation 

method across subjects and states (Hasson et al., 2004).  

 

Table 4-6 State-independent similarity 

 Motion threshold 3mm Motion threshold 0.5mm 

No. infants 
62 (movies) + 56 (asleep) 

= 118 

14 (movies) + 51 (asleep) 

= 65 

 

 

Functional connectivity matrices showed minimal significant connectivity 

independent of whether infants were watching movies or asleep (i.e. shared 

between infants across movies and asleep states) (Figure 4-16). This fact, 

coupled with the fact that the asleep state showed minimal significant shared 

connectivity (Figure 4-11), indicate that the positive shared connectivity values 

seen in the movies state (Figure 4-14) appear unique.  
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Figure 4-16 State-independent Similarity: inter-subject connectivity across 

states. 

A1) Schaefer et al. 400 parcel level; B1) Schaefer et al. 400 parcel level (FWD 

< 0.5mm). Values shown surviving bootstrapping significance p<0.05 (with 

multiple comparisons correction). 

 

 

4.4.7 State Differences 

 

To compare FC across states, we first examined the overall whole brain average 

connectivity strength. As apparent from Figure 4-9 and Figure 4-12 , there was 

a positive correlation across most regions, suggesting a common global signal 

driving global FC. It is believed that global signal variations reflect both 

widespread brain activity in response to stimulation and also noise, such as 

modulations in global signal through motion (Murphy et al., 2009). Therefore, 

it is important to first assess whether there are differences in this overall global 

component when comparing states. 

 

Mean within-subject FC for movies was 0.34 (std 0.10) versus 0.33 (std 0.12) 

for asleep state, with no significant difference (p<0.67). Mean shared (inter-

subject) FC for movies was 0.002 (std 0.010) versus 0.000 (std 0.010) for 

asleep state, with no significant difference (p<0.46). State-independent 

connectivity had mean 0.000 (std 0.010). These differences are shown in Figure 

4-17 and zoom in Figure 4-18.  
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Figure 4-17 Functional connectivity (standard motion threshold). 

Average connectivity (across 400 parcels/ROIs) for each infant (dots shown) 

and group average (bar) for within subject similarity (WSS) and inter-subject 

similarity (ISS) in both movies and asleep states respectively. State 

independent similarity (SIS) (green) is the inter-subject similarity across 

states. 
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Figure 4-18 Functional connectivity (standard motion threshold): y-axis zoom. 

Zoom of Figure 4-17 y-axis. Average connectivity (across 400 parcels/ROIs) 

for each infant (dots shown) and group average (bar) for inter-subject 

similarity (ISS) in both movies and asleep states respectively. State 

independent similarity (SIS) (green) is the inter-subject similarity across 

states. 

 

Analysing infants with runs that met the stricter motion threshold, mean within-

subject FC for movies was lower at 0.30 (std 0.08) versus 0.33 (std 0.12) (i.e. 

like previous) for asleep state, with no significant difference (p<0.28). At the 

stricter motion threshold, mean shared (inter-subject) FC for movies was higher 

at 0.025 (std 0.024) versus -0.001 (std 0.010) (i.e. like previous) for asleep 

state, with a significant difference (p<0.002). Again, state-independent 
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connectivity had mean 0.000 (std 0.02). These differences are shown in Figure 

4-19 and zoom in Figure 4-20. 

 

The reduction in global FC when stricter motion thresholds are applied suggests 

that global signal variation due to motion made an important contribution to 

activity in many regions, generally elevating FC. However, the lower global FC 

seen in the movie vs. asleep state, might be due either to greater motion-

induced noise in the movie condition (reducing signal correlations for evoked 

signal) or due to more modularity in the brain with lower correlations between 

different brain systems, as has been seen before in states of greater arousal 

(conscious vs. anaesthetised, (Naci et al., 2018)). Modularity will be discussed 

further later, when changing patterns of FC are considered.   
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Figure 4-19 Functional connectivity (stricter motion threshold). 

Average connectivity (across 400 parcels/ROIs) for each infant (dots shown) 

and group average (bar) for within subject similarity (WSS) and inter-subject 

similarity (ISS) in both movies and asleep states respectively. State 

independent similarity (SIS) (green) is the inter-subject similarity across 

states. 
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Figure 4-20 Functional connectivity (stricter motion threshold): y-axis zoom. 

Zoom of Figure 4-19 y-axis. Average connectivity (across 400 parcels/ROIs) 

for each infant (dots shown) and group average (bar) for inter-subject 

similarity (ISS) in both movies and asleep states respectively. State 

independent similarity (SIS) (green) is the inter-subject similarity across 

states. 

 

Next, to investigate differences in the pattern of connectivity between states, 

we examined at an edge level the difference in FC between states (Figure 4-21). 

Comparing the state difference FC (movies – asleep) for the standard motion 

threshold group, the state difference was small and connectivity differences 

were negative (due to asleep FC having slightly higher than movies FC). These 

negative connectivity differences were seen in edges (right/left and inter-

hemispheres) containing the limbic network (as edges containing the limbic 



149 
 

network had lower FC in the movies state). Similarly, as the control and default 

network (within network) edges had lower FC in the movies state, the state 

difference was slightly negative in these networks (Figure 4-21). The task-

evoked connectivity contained weakly negative connectivity in edges containing 

the visual network while the task-evoked connectivity contained weakly positive 

connectivity in the somatomotor edges (right/left/inter-hemispheres) (Figure 

4-21). In short, this qualitative comparison of functional edge matrices (state 

difference versus task-evoked) suggested that the state difference in 

connectivity pattern did not seem to be related to the task-evoked connectivity 

pattern (using data from infants meeting the standard motion criteria) (Figure 

4-21). 

 

Functional connectivity differences were assessed using data from infants 

meeting the stricter motion threshold (Figure 4-22). The same colorbar scales 

(i.e. Pearson-r correlation ranges) were used in Figure 4-22 as were used in the 

standard motion threshold analysis (Figure 4-21). Edges containing the limbic 

network showed negative connectivity differences (Figure 4-22). This resembled 

the pattern for the standard motion threshold group (Figure 4-21). The control 

network still showed a negative connectivity difference (as movies state control 

network connectivity was lower than asleep state). Most notable in the task-

evoked connectivity was the higher connectivity (positive correlation values) in 

the stricter motion threshold group (Figure 4-22). While bilaterally visual 

network edges were largely non-significant, edges containing the somatomotor 

network or containing the default network comprised the main task-evoked 

connectivity (right/left/inter-hemispheres) (Figure 4-22). For edges containing 

the somatomotor or default networks, within network connectivity was higher 

than between network connectivity (Figure 4-23). This qualitative comparison 

of functional edge matrices, at the stricter motion threshold analysis, appears 

to suggest that state differences in connectivity pattern do not account for the 

task-evoked connectivity seen. 
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Figure 4-21 State Difference versus Task-evoked Connectivity; Standard 

motion threshold (>90% of frames with <3mm FWD). 

A
. B
. 
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Functional connectivity with two levels of resolution; A. (top) Schaefer et al. 

400-region functional parcellation, B. (bottom) Yeo et al. 7 -network 

parcellation. Functional connectivity matrices corresponding to FC during 

movie watching (far left), asleep state (middle left), FC difference during 

movie relative to asleep (middle right), and the task-evoked FC using the inter-

subject approach (far right). The colorbar indicates the average Pearson 

correlation values (only significant correlations are displayed, p<0.05, 

corrected for multiple comparisons). Abbreviations for Yeo parcellation: LH, 

left hemisphere; RH, right hemisphere; Vis, visual; SomMot, somatomotor; 

DorsAttn, dorsal attention; SalVentAttn, salience ventral attention; Limbic; 

Control; Default. 
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Figure 4-22 State Difference versus Task-evoked Connectivity; Stricter motion 

threshold (>90% frames with <0.5mm FWD). 

A
. 

B
. 
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Functional connectivity with two levels of resolution: A. (top) Schaefer et al. 

400-region functional parcellation, B. (bottom) Yeo et al. 7 -network 

parcellation. Functional connectivity matrices corresponding to FC during 

movie watching (far left), asleep state (middle left), FC difference during 

movie relative to asleep (middle right), and the task-evoked FC using the inter-

subject approach (far right). The colorbar indicates the average Pearson 

correlation values (only significant correlations are displayed, p<0.05, 

corrected for multiple comparisons). Abbreviations for Yeo parcellation: LH, 

left hemisphere; RH, right hemisphere; Vis, visual; SomMot, somatomotor; 

DorsAttn, dorsal attention; SalVentAttn, salience ventral attention; Limbic; 

Control; Default.  

 

 

 

Figure 4-23 Shared movie (inter-subject) connectivity: intra- versus inter-

network connectivity values (Yeo et. al 7 networks). 
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4.4.8 Prematurity 

 

For infants born preterm group average functional connectivity matrices were 

calculated for asleep and movies states. Findings were compared to the data 

from term born infants (previous). 

 

4.4.8.1 Preterm Infants: Asleep state 

 

Data from 20 preterm born infants (20 runs) falling asleep were included (data 

meeting the standard motion threshold criteria). Characteristics of the preterm 

infants are shown in Table 4-7. 

 

Table 4-7 Asleep – Preterm group average characteristics 

 

Motion threshold 3mm 

20 infants 

(mean/std; min-max) 

Motion threshold 0.5mm 

(mean/std; min-max) 

Gestational age 

(weeks) 
32.5/2.9; 28.6-36.9 n/a 

Scan age (mo.) 2.5/0.53; 2.0-4.1 n/a 

FWD (mm) 0.21/0.16; 0.10-0.65 n/a 

 

 

The group average within-subject functional connectivity matrix showed a very 

similar pattern of asleep connectivity between the preterm group (Figure 4-24) 

and term groups (Figure 4-9) with within network connectivity highest in visual 

and somatomotor networks and lowest connectivity seen in edges consisting of 

somatomotor and either limbic/control/default networks.  
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Figure 4-24 Preterm infants: Asleep within-subject similarity of functional 

connectivity. 

Yeo et al. 7 network level. Values shown surviving bootstrapping significance 

p<0.05 (with multiple comparisons correction). 

 

 

Examining network edge dissimilarity between the 20 preterm infants (Figure 

4-25), t-values (range 3.1 to 5.7) had a similar pattern to term infants (Figure 

4-10). Comparable to term infants, within network edge dissimilarity was higher 

(most networks) and similarly preterm infants had intra- and inter-hemispheric 

network edges that were notably dissimilar (somatomotor – limbic) (Figure 

4-25).  
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Figure 4-25 Preterm Infants: Asleep within-subject similarity – Network Edge 

Dissimilarity (t-values) 

 

For the preterm asleep infants shared asleep connectivity (inter-subject FC) 

matrices (Schaefer 400 parcel level) showed practically no significant shared 

connectivity (Figure 4-26). This is a similar finding to term born infants (Figure 

4-11). 
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Figure 4-26 Preterm infants: Asleep inter-subject similarity of functional 

connectivity. 

Schaefer et al. 400 parcel level. Values shown surviving bootstrapping 

significance p<0.05 (with multiple comparisons correction). 

 

 

4.4.8.2 Preterm Infants: Movies state 

 

For each preterm infant who watched movies an average of 1.7 (min-max: 1-

3) runs survived the motion threshold criterion (an average of 1.2 runs per 

infant were excluded). Only 3 preterm infants had runs surviving the stricter 

motion threshold, and so analysis was precluded at the stricter motion 

threshold. Of all preterm infants with included runs, the one run with the least 

motion was chosen to represent that infant.  

 

Table 4-8 Movies – Preterm group average characteristics 

 

Motion threshold 3mm 

18 infants 

(mean/std; min-max) 

Motion threshold 0.5mm 

(mean/std; min-max) 

Gestational age 

(weeks) 
31.7/2.9; 23.9-36.0 N/A 

Scan age (mo.) 2.63/0.63; 2.0-4.1 N/A 

FWD (mm) 0.75/0.38; 0.13-1.33 N/A 

 

 

The group average within-subject functional connectivity matrix showed a very 

similar pattern of movies state connectivity between the preterm group (Figure 

4-27) and term groups (Figure 4-12) with lowest FC occurring at edges 

containing limbic network (left/right/inter-hemispheres).  
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Figure 4-27 Preterm infants: Movies within-subject similarity of functional 

connectivity. 

Yeo et al. 7 network level. Values shown surviving bootstrapping significance 

p<0.05 (with multiple comparisons correction). 

 

Examining network edge dissimilarity (Figure 4-28) for movies state within-

subject similarity, top 20 t-values (values range: 3.0 to 6.7) included within 

network edges (visual, somatomotor, dorsal-attention, and salience), bilateral 

homologous edges (visual only), and inter-hemispheric network edges 

containing the limbic network (limbic to: visual, somatomotor and dorsal-

attention networks). 
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Figure 4-28 Preterm Infants: Movies within-subject similarity – Network Edge 

Dissimilarity (t-values) 

 

Examining shared (evoked) functional connectivity amongst the preterm infant 

group, only the left somatomotor network stood out as a notable within network 

connectivity edge (Figure 4-29). Between network edges containing the 

somatomotor network (plus another) appeared strongest (left unilateral and 

inter-hemispheric edges) (right hemispheric shared connectivity was notably 

weaker/absent). Similar to term infants (Figure 4-14), edges containing visual 

networks seem to have minimal shared (evoked) connectivity during the movies 

state in the preterm infant group (Figure 4-29).  

 

Looking at network edge dissimilarity (Figure 4-30) for inter-subject 

connectivity, top 20 t-values (values range: 1.6 to 2.8) included only one within 

network edge (left somatomotor), and both intra- and inter-hemispheric 

network edges containing the visual and somatomotor networks.  
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Figure 4-29 Preterm infants: Movies inter-subject similarity of functional 

connectivity. 

Yeo et al. 7 network level. Values shown surviving bootstrapping significance 

p<0.05 (with multiple comparisons correction). 

 

 

Figure 4-30 Preterm Infants: Movies inter-subject similarity – Network Edge 

Dissimilarity (t-values) 
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Analysis of state-independent similarity (18 preterm infants with movies runs, 

and 20 preterm infants with asleep runs) showed, like for term infants, no 

significant connectivity independent of infant state (i.e., no shared connectivity 

across infants and across movies/asleep states). 

 

 

4.4.8.3 Preterm infants; State differences 

 

As previously for term born infants, we examined state connectivity values 

(average for whole brain) and connectivity differences between states for the 

preterm born group. 

 

For preterm born infants mean within-subject FC for movies was 0.37 (std 0.09) 

versus 0.33 (std 0.12) for asleep state (like previous), with no significant 

difference (p<0.2). Mean shared (inter-subject) FC for movies was 0.010 (std 

0.02) versus -0.005 (std 0.014) for asleep state, with a significant difference 

(p<0.006). State-independent connectivity had mean -0.004 (std 0.014). These 

differences are shown in Figure 4-31 and zoom in Figure 4-32. 
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Figure 4-31 Preterm Infants: Functional connectivity (standard motion 

threshold). 

Average connectivity (across 400 parcels/ROIs) for each preterm infant (dots 

shown) and group average (bar) for within subject similarity (WSS) and inter-

subject similarity (ISS) in both movies and asleep states respectively. State 

independent similarity (SIS) (green) is the inter-subject similarity across 

states. 
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Figure 4-32 Preterm Infants: Functional connectivity (standard motion 

threshold), y-axis zoom 

Zoom of Figure 4-31 y-axis. Average connectivity (across 400 parcels/ROIs) 

for each infant (dots shown) and group average (bar) for inter-subject 

similarity (ISS) in both movies and asleep states respectively. State 

independent similarity (SIS) (green) is the inter-subject similarity across 

states. 
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Functional connectivity differences were assessed using data from preterm born 

infants (Figure 4-33). The same colorbar scales (i.e. Pearson-r correlation 

ranges) were used as per the term born analysis (Figure 4-21 and Figure 4-22). 

Overall, there were few FC differences between movies versus asleep states in 

this preterm population (Figure 4-33 and Figure 4-34). Compared to term born 

infants, the preterm group state differences in connectivity did not show 

negative differences in edges containing the limbic network (i.e. limbic network 

edges connectivity was similar between movies and asleep states) (Figure 4-33 

and Figure 4-34).  

 

Task-evoked connectivity in the preterm born group appeared to follow patterns 

similar to the term born (stricter motion threshold), with positive connectivity 

values in edges containing the somatomotor or default networks (Figure 4-33 

and Figure 4-34), albeit that connectivity was weaker in magnitude. This 

difference in magnitude may possibly be due motion effects (i.e. comparing 

preterm data meeting the standard motion criterion (at least 90% TRs with 

FWD<3mm) to term born data meeting the stricter motion criterion (at least 

90% TRs with FWD<0.5mm)). 
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Figure 4-33 State Difference versus Task-evoked Connectivity. Preterm 

infants: standard motion threshold (>90% of frames with <3mm FWD). 

A
. 

B
. 
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Functional connectivity with two levels of resolution; A. (top) Schaefer et al. 

400-region functional parcellation, B. (bottom) Yeo et al. 7 -network 

parcellation. Functional connectivity matrices corresponding to FC during 

movie watching (far left), asleep state (middle left), FC difference during 

movie relative to asleep (middle right), and the task-evoked FC using the inter-

subject approach (far right). The colorbar indicates the average Pearson 

correlation values (only significant correlations are displayed, p<0.05, 

corrected for multiple comparisons). Abbreviations for Yeo parcellation: LH, 

left hemisphere; RH, right hemisphere; Vis, visual; SomMot, somatomotor; 

DorsAttn, dorsal attention; SalVentAttn, salience ventral attention; Limbic; 

Control; Default. 
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Figure 4-34 State Difference versus Task-evoked Connectivity. Term versus 

Preterm born infants. 

Functional connectivity matrices corresponding to FC difference during movie 

relative to asleep (left), and the task-evoked FC using the inter-subject 

approach (right). The colorbar indicates the average Pearson correlation 

values (only significant correlations are displayed, p<0.05, corrected for 

multiple comparisons). Abbreviations for Yeo parcellation: LH, left 

hemisphere; RH, right hemisphere; Vis, visual; SomMot, somatomotor; 

DorsAttn, dorsal attention; SalVentAttn, salience ventral attention; Limbic; 

Control; Default.   
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4.5 DISCUSSION 

 

4.5.1 Differences in within-subject FC between states 

 

For the first time, we have measured FC in a cohort of infants within the same 

scanning session in both the awake (movie) and asleep (resting) states. These 

2-month-olds had strong and consistent patterns of FC in both states. 

Reassuringly, as in adult studies, there was considerable similarity in FC across 

states. However, there were also notable differences, both in the overall global 

FC and in the specific patterns of FC. These highlight the importance of 

considering state when examining FC, and the risk of state confounding infant-

adult comparisons, when infants are scanned asleep and adults awake. 

 

In adults a state of greater arousal – specifically, wakefulness rather than 

sedation with the anaesthetic propofol – was associated with greater modularity 

in the brain (Naci et al., 2018). Corresponding to this, we found that infants 

awake watching movies appear to have more modular brain activity, with 

stronger connectivity within networks than across them, relative to the sleeping 

state. 

 

In previous studies including healthy adults and comparing resting-state and 

movies paradigms it has been seen that movie-watching modulates mean FC in 

visual and higher order networks, especially the frontoparietal network, and also 

the default and dorsal attention networks (Betti et al., 2013; Gao and Lin, 2012; 

Vanderwal et al., 2015). Similarly in a study including children (age 5 – 15yo) 

movies watching significantly altered the mean FC with differences involving 

frontoparietal network FC with many other networks, including sensorimotor 

processing networks (somatomotor, auditory, visual), top-down control 

networks (cinguloopercular, dorsal attention), and the default-mode network 

(Greene et al., 2018). In a study of 6 year old children undergoing both resting 

state and movies runs the children showed an adult-like pattern of network 

connectivity among the dorsal attention, default, and frontal control networks, 

however in contrast to adults the 6 year old children showed marginally 
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significant changes (immature pattern) in the magnitude of the network 

connections between movies and rest (Emerson et al., 2015). These changes 

included increased edge connection between frontal control and default 

networks during movies relative to rest, and decreased edge connections 

between frontal control and dorsal attention networks (Emerson et al., 2015).  

 

This study showed, at the group level, that whole-brain functional connectivity 

in young infants (2 months PMA) differs between state (asleep versus movie 

watching). However, as our participants were younger (infants) compared to 

those in previous studies (above), it is understandable that the differences in 

group-level connectivity between states (asleep and movies) were few. 

 

Within network connectivity (shorter anatomical distance) in this age group was 

stronger than between network connectivity (longer distance connections), as 

has been noted in the literature. Lower within network functional connectivity 

was seen in the limbic, control and default mode networks, compared to visual 

and somatomotor networks, and this is evident in both asleep and movies states 

(within subject connectivity). This is in keeping with the development of these 

networks during the first year of life (Gao et al., 2015a, 2015b, 2009).  

 

Interestingly, in the movies state, the lower magnitude of connectivity between 

edges containing the limbic network (left/right/inter-hemispheres) (e.g. limbic-

visual, limbic-somatomotor, limbic-dorsal attention) seen in term born infants 

specifically stands out as a unique finding. The limbic network consists of 

amygdala (emotional processing) and hippocampus (memory formation and 

sensory impact). It has been seen in an adult fMRI study that evoked cortical 

activity can interact negatively with ongoing neural activity, such that higher 

pre-stimulus baseline results in either less activation or more deactivation (He, 

2013). Perhaps our term healthy controls had heightened limbic activity at 

baseline (prior to movie onset) with later relatively more limbic deactivation 

(during movies).  

 

In contrast, connectivity in edges containing limbic networks was similar across 

states for preterm born infants (i.e. no state difference), compared to dissimilar 

connectivity values in term infants (i.e. negative state difference). Multiple 

studies to date have shown alterations in functional connectivity network 
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development associated with prematurity (Ball et al., 2016; Cao et al., 2017; 

Doria et al., 2010; Fransson et al., 2007, p. 20; Smyser et al., 2010). Perhaps 

our preterm infants have lower baseline limbic activity, followed by no apparent 

limbic deactivation (during movies).  

 

4.5.2 Shared (task-evoked) connectivity during movies 

 

Qualitative comparison of group functional matrices suggests that shared 

connectivity (task-evoked) in the movies state does not account for the 

differences in connectivity (movies minus asleep) between states, both at the 

standard and stricter motion thresholds (summary figure: Figure 4-34). This 

fact that task-evoked FC does not explain the task minus rest FC difference 

suggests that ongoing activity that occurs during the movie but not in 

synchronization with movie has altered its correlational patterns and/or 

strengths compared with those in the resting state. In a previous study in adults, 

researchers sought to examine whether task-evoked functional connectivity was 

additive to spontaneous functional connectivity (resting-state adults; eyes 

closed awake), and if it was able to explain the changes in FC during movie 

watching relative to the resting state (Lynch et al., 2018). Their results found 

that the movies minus rest FC difference was largely different from the task-

evoked FC during movies (Lynch et al., 2018). 

 

Our results indicate that visual networks and their connectivity with other 

networks do not appear to contribute towards shared connectivity (inter-

subject) in the awake movies state in these young infants (despite the visual 

movie stimuli). This is understandable as, in our case, infants did not see the 

exact same order of 6 movie clips (each clip 23 seconds duration) but instead a 

random order sequence of these 6 movie clips. Analysis was collapsed across all 

movies (despite various random clip orders). 

 

When confining data analysis to term born infants who met the stricter motion 

threshold criterion, significant shared connectivity (inter-subject) was seen in 

the movies state (compared to minimal/none in the asleep state). While this 

finding was also seen in preterm born infants, the shared connectivity was lower 

in magnitude and somewhat limited in its extent in the right hemisphere (more 
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left and inter-hemispheric). This analysis showed how cortical edges containing 

the somatomotor and default networks (left/right/inter-hemispheres) 

dominated the pattern of shared (inter-subject) connectivity in infants watching 

movies. In the preterm born group, this finding was limited to edges containing 

the somatomotor network (i.e., not including edges containing the default 

network), with the caveat that there was more motion (FWD) in these preterm 

infant movies runs (likely weakening the results compared to term infants). 

 

In adults the use of an intermediate movie (‘Inscapes’: a movie featuring 

abstract shapes without narrative or scene-cuts) was shown to decrease mean 

functional connectivity in somatomotor regions (compared to adult resting 

state) using traditional within-subject functional correlation analysis (Vanderwal 

et al., 2015). Using inter-subject (shared) connectivity analysis during movie 

watching in a group of adults, it was seen that the somatomotor network was 

one of the least variable networks (Vanderwal et al., 2017). Results from these 

studies are in contrast to our results which showed that shared (inter-subject) 

somatomotor activity was seen during movies (compared to asleep). We 

postulate that this may be due to infants shared interpretation of action (during 

movies) or indeed due to motion in the scanner (despite our use of strict motion 

thresholds).  

 

The default mode network (DMN) consists of functional brain areas that 

historically were felt to decrease activity when the brain shifted from baseline 

to goal directed tasks, i.e. that the brain has a default mode of brain function 

that is suspended during goal directed behaviours (Raichle et al., 2001). 

Previous fMRI resting state adult studies show that DMN connectivity is 

reduced/altered under altered states of consciousness, such as sleep (non-REM 

sleep more so) (Houldin et al., 2021).  

 

In the seminal ISFC study Simony et al. examined a group of adults listening to 

a real-life auditory narrative and to temporally scrambled versions of the 

narrative and, using ISFC to isolate correlation patterns within the default 

network, they showed that ISFC uncovered positive and negative stimulus-

induced correlation patterns extending beyond the auditory cortex and involving 

regions in the DMN and between edges containing the DMN (Simony et al., 

2016). Recent task-related adult studies it has been seen that the DMN 
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increased connectivity with other task-related networks during the performance 

of a wide variety of external tasks (Elton and Gao, 2015; Gao et al., 2013a). 

Other adult studies have shown that when watching a movie the default network 

shares a high connectivity (Hasson et al., 2008), and that the default network 

is activated during cognitively demanding tasks (Murphy et al., 2018). 

 

In asleep infant FC studies it has been seen that the DMN is one of the first 

higher order networks to show a well-distributed network structure starting at 

6 months of age (Gao et al., 2015a). This thought to be in response to the 

infant’s social and emotional environment promoting DMN development during 

early infancy. While studies directly comparing infant resting-state to movies 

are few/limited, a previous study examining resting-state from movie-watching 

FC patterns in a cross-sectional developmental sample (from 6 to 20 years of 

age) demonstrated that whole-brain FC can reliably distinguish between movie-

watching and rest irrespective of age, and that movie-watching modulates FC, 

particularly in the default mode and dorsal-attention networks (Sanchez-Alonso 

et al., 2021). Our findings suggest that younger infants (2 months age) do have 

increased DMN activity when watching movies, and that this can be 

captured/measured using inter-subject (shared) connectivity analysis. 

 

We showed that there does not appear to be a baseline state-independent 

(shared) connectivity (inter-subject) in young infants across movies/asleep 

states (only within states). This fact, coupled with the fact that the asleep state 

showed minimal/no significant shared connectivity, emphasises how the 

findings of a positive shared connectivity in the movies state in early infancy is 

a significant finding. 

 

 

4.5.3 Practical considerations of awake infant scanning 

 

It is important to point out that the significant cortical connectivity shared (task-

evoked) in the movies state was seen from data passing the stricter motion 

threshold criterion (0.5 mm FWD in fewer than 10% of scans), and ultimately 

came from 14 of 73 term born infants. Similarly, only 3 infants (not analysed) 

of 23 preterm born infants could have contributed data passing the stricter 
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motion threshold (in the movies state). All told, these small proportions of the 

term/preterm infant cohorts indicate how achieving awake/movies state data, 

useful for functional connectivity analysis, is quite challenging. This fact is 

important for researchers planning similar analyses. Future analyses could 

examine whether more liberal thresholds in combination with additional 

denoising (i.e., spike regression; global signal regression; ICA) might allow for 

the inclusion of a greater number of subjects. 

 

Within network connectivity was stronger than between network connectivity 

(i.e. modularity) in both asleep and movies states. This modularity was stronger 

in the movies state (compared to asleep). This difference was most marked in 

the smaller sub-group of 14 infants (stricter motion threshold) compared to the 

62 infants (standard motion threshold) watching movies. It is known that motion 

increases local connectivity and decreases distant connectivity (Power et al., 

2012; Satterthwaite et al., 2012; Van Dijk et al., 2012), and while motion 

artefact was present in both groups (standard and stricter motion thresholds), 

it is thought that perhaps motion was more global in the standard threshold 

group and more local in the stricter threshold group, thus resulting in the more 

marked modular pattern in the sub-group of 14 infants (stricter motion 

threshold). 

 

While the use of inter-subject correlation (shared responses) acted as a natural 

denoiser (mitigating artifacts from within brains), and the observed signal 

variance is likely from a shared neuronal origin (Simony et al., 2016), motion 

effects in this infant population likely still contribute somewhat towards the 

signal. Efforts to mitigate this included using the stricter motion threshold sub-

cohort of infants/runs (FWD < 0.5mm, similar to asleep/resting-state thresholds 

used in infant/adult studies).  

 

We presumed that very few infants would achieve an anatomical MRI sequence 

during the session (awake/movies runs were prioritised). As such, our analysis 

pipeline registered each infant’s fMRI run (movies/asleep) to a fMRI reference 

image (not anatomical image, but an EPI functional image), and then next 

normalised the infant’s fMRI runs to the chosen T2-weighted infant template. 

This induces less accuracy in terms of precise anatomical location of the 

regional/network fMRI signal. In retrospect, a large proportion of infants with 
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asleep fMRI runs also achieved anatomical T2-weighted images (this appears 

unique to this 2-month age group). These could be used for future registration 

to an anatomical reference image. At the time of study design the literature only 

included adult functional parcellation schemes. We chose the Schaefer 400 

parcellation scheme (Schaefer et al., 2018) for this study. However, future work 

could use recent infant parcellations published in the literature (Myers et al., 

2024; Oishi et al., 2019; Wang et al., 2023). 

 

In our study awake/movies scan duration was relatively short (5 minutes) and 

literature shows that longer scan durations produce more reliable connectivity 

estimates, likely due to the fact that biologically relevant haemodynamic (BOLD) 

changes occur predominantly at lower frequencies (Birn et al., 2013; Noble et 

al., 2019; Shah et al., 2016). While recognising this fact, we suggest that the 

practical limit of scanning young infants watching movies (while remaining 

settled) may be limited to 5 minutes, as seen by the increasing FWD prior to 

movies run end (Figure 4-5).  

 

Finally, while infants were confirmed asleep (by eyes closed and no active 

movements as witnessed by the researcher, and also by assessment of facial 

camera footage/tags), the level of sleep was not assessed (i.e. no 

contemporaneous EEG-fMRI was conducted) and so association of the functional 

connectivity patterns (asleep n = 56 term infants, n = 20 preterm infants) may 

not be uniform across subjects. Infants born at term gestation average 16 to 18 

hours per day sleeping, 50% of it in REM sleep, and premature infants spend 

even more time asleep; 80% of it in REM sleep (André et al., 2010). Adult EEG-

fMRI studies of adult asleep/wake states have shown positive wake correlations 

trending towards negative correlations in NREM and back towards positive 

correlations in REM (Houldin et al., 2021). As participants in our study were 

young infants, it is postulated that a considerable proportion of time asleep in 

the MRI scanner was spent in REM sleep. If so, this supports the findings of 

positive network connectivity patterns seen in the asleep analysis (and not 

dissimilar to awake/movies connectivity). 
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CHAPTER 5 USING A MACHINE LEARNING MODEL TO 

CLASSIFY CONNECTIVITY IN AWAKE INFANTS 
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5.1 ABSTRACT 

Estimating ‘brain age’ has become a popular tool in fMRI in recent years. Models 

are trained on datasets spanning an age range, then tested on unseen data. 

Subjects with a ‘brain age’ higher/lower than their chronological age are then 

compared to behaviours/morbidities. Already some recent studies have used 

asleep fMRI data from older infants/toddlers to classify age groups and to predict 

brain age with reasonable successes.  

 

The hypothesis of this current study was that FC from movies would be more 

revealing of key phenotypes (birth gestation and scan age) than FC from 

sleeping infants (aged 2-months PMA), and this would be seen as a difference 

in classification ability (preterm versus term birth) and prediction ability (birth 

gestation, brain age) using a machine learning model.  

 

Infants (75 term born, 29 preterm born) attending as part of the FOUNDCOG 

project undertook MRI scanning at 2-months age (corrected age for preterm). 

Infants watched naturalistic movies (485 frames, 5 mins) during awake movies 

runs, and underwent asleep fMRI (1000 frames, 10 mins) if they fell asleep. 

Functional connectivity was calculated as the Pearson correlation of the 

timeseries for a parcel with every other parcel across the number of TRs 

(volumes) within the subject’s own run. The indices of the upper triangle 

(including the leading diagonal values) of the Yeo et al. (14, 14) network level 

connectivity matrices were taken to achieve a series of 105 unique network to 

network connections/edges. These 105 functional edges were used as features 

for the machine learning models. Support vector classification was used to 

classify state (awake/asleep) and birth gestation (preterm/term), while support 

vector regression was used to predict birth gestation and brain age. 

 

The median birth gestation of the 23 preterm infants included (6 infants 

excluded due to known structural brain injury) was 32 (IQR 29-33) weeks PMA. 

Incidence of serious co-morbidities were few in this group (1 infant had history 

of sepsis, 5 infants had history of chronic lung disease). A support vector 

machine classifier (using functional edge data) was able to classify state 

(asleep/movies) with high ability in both preterm (F1=0.82, p<0.00) and term 

(F1=0.93, p<0.00) born infant groups. However, when the models were trained 

using only motion data (FWD) as the training feature (not functional edge data), 
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F1 scores were very similar, indicating that motion is an important driver of this 

classification. A support vector classifier (using functional edge data) was 

moderately able to classify birth gestation (F1 = 0.66, p<0.00) (training on 

asleep data and testing on movies), but not while training/testing on data from 

the same state (movies F1=0.57, asleep F1=0.50). Support vector regression 

(using functional edge data) was only able to weakly predict brain age (R2 = 

0.09, p<0.01) (using asleep FC edges but not movies edges), but was not able 

to predict birth gestation (either state).  

 

Ultimately, while this study indicates that FC data from 2-month aged infants 

can classify brain state (asleep/movies) during a scan (both ex-preterm and 

term born infants) and can weakly predict brain age (asleep state only), it is 

likely that methodological challenges in our analysis, and perhaps the relatively 

low incidence of co-morbidities in the preterm group, limited our ability to 

classify and predict birth gestation. Future work adopting SVM analysis, but also 

using more rigorous motion censoring; registration to anatomical images; and 

bespoke infant atlases/parcellation (to include subcortical regions); may 

perhaps lend towards improved classification of birth gestation (and subsequent 

analysis of networks/features driving same). 
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5.2 INTRODUCTION 

 

5.2.1 Machine Learning - background 

 

Machine learning is rapidly expanding in application in medicine, and has 

recently entered the infant clinical domain and examples include decision 

models for febrile infants at risk of serious bacterial infection (Ramgopal et al., 

2020), identification of sub-cohorts of children with septic shock who may be 

more likely to benefit from corticosteroids (Wong et al., 2016), and the 

development of algorithms to identify children recently admitted who need to 

transfer to paediatric intensive care (Zhai et al., 2014). Machine learning with 

EEG has been used to aid health-care professionals to identify neonates with 

electrographic seizures (Pavel et al., 2020) and to predict infants who would 

later develop seizures following neonatal hypoxic ischaemic encephalopathy 

(Pavel et al., 2023).  

 

Machine learning can be used to create a model that estimates an individual's 

phenotypic characteristics (e.g., executive function, diagnostic category) from 

neuroimaging data. Model features are used to estimate continuous outcome 

measures (known as regression) or categorical outcome measures (known as 

classification). In recent years machine learning has been investigated as a tool 

in infant neuroimaging due to its ability to perform classical statistical inference 

while also allowing the capture of more complex associations (Dosenbach et al., 

2010). In addition, outputs from machine learning are often more generalisable 

than simple correlations since they are/should be defined and validated with 

independent data (held back/out data) (Pollatou et al., 2022).  

 

Machine learning as a domain can be divided in different ways (Scheinost et al., 

2022; Shah et al., 2023; Zhu et al., 2019). One critical division is between 

supervised and unsupervised training strategies. Supervised machine learning 

uses labelled datasets where each data sample is associated with an outcome 

measure. Example algorithms include linear discriminant analysis or deep neural 

network classifiers. In contrast, unsupervised machine learning uses unlabelled 

datasets to discover patterns in the data. Some examples of unsupervised 

machine learning algorithms include K-means clustering (clusters data 
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comprising continuous variables), latent class analysis (clusters data using both 

categorical and continuous variables), or contrastive learning in deep neural 

networks. Compared to conventional machine learning algorithms, deep neural 

networks methods can identify more complex patterns but require larger 

datasets (Scheinost et al., 2022; Shah et al., 2023; Zhu et al., 2019).  

 

Articles applying machine learning to infant imaging were sparse but have 

increased in recent years. It has been applied to EEG, structural MRI and 

multimodal approaches, but neuroimaging techniques such as fMRI, magneto-

encephalography (MEG), and arterial spin labelling (ASL) MRI remain underused 

currently in this field (Scheinost et al., 2022). In a systematic review of 

literature that includes machine learning prediction models in the under 3 year 

old community (toddler or younger), Scheinost et al (2022) showed that most 

studies have made predictions in the cognitive/development domain (e.g 

Bayleys scores) (31%), the physical characteristics domain (e.g. brain 

maturation/age) (29%), the neurological phenotype domain (e.g. 

seizures/encephalopathy) (27%), with the final neurodiversity domain (e.g. 

autism) (12%). 

 

Importantly, in addition to classifying the present phenotype from neuroimaging 

data, it is possible to use machine learning to predict future state – such as 

motor (Saha et al., 2020) and later social-emotional and cognitive outcomes at 

both 18 months age (Fenchel et al., 2022) and two years of age (He et al., 

2018). 

 

 

 

5.2.2 Machine learning - simple versus complex models 

 

While machine learning has exciting potential for infant neuroimaging, it is 

important to understand the balance of aims, whether it is being used to aid 

interpretation (and inference between predictors and outcomes) versus black 

box prediction (complex models) (Figure 5-1). Simpler models include multiple 

regression using linear relationships between predictors and outcomes. Simpler 

models require less computational power and less training data. On the other 
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hand, are complex models such as non-linear support vector machine (SVM) 

models and deep neural networks. These exploit non-linear relationships 

between predictors and outcomes, which can be more powerful, but requires 

more training data, more computational power, and can be difficult to interpret 

(i.e., they are black boxes). 

 

Infant/toddler asleep fMRI machine learning studies to date have leaned 

towards using more simpler/explainable algorithms (Kardan et al., 2022; Pruett 

et al., 2015), however even these models have been seen to maintain high 

accuracy even while excluding the principal “consensus” features (e.g. 

functional connectivity edges that appear most discriminatory), indicating that 

inference is not necessarily easy, even with simpler models. 

 

 

Figure 5-1 Balance between statistical (inference) and black box (prediction) 

methods in machine learning. 

Sidey-Gibbons, J.A.M., Sidey-Gibbons, C.J., 2019. Machine learning in 

medicine: a practical introduction. BMC Med Res Methodol 19, 64. 

https://doi.org/10.1186/s12874-019-0681-4 

 

5.2.3 Machine learning - important steps 

 

 

In machine learning, a process called cross-validation is used to avoid 

circularity. The dataset is split, and the model is trained on the ‘training set’ and 

tested on the ‘test set’. Prior to testing on an external/independent test set, the 

https://doi.org/10.1186/s12874-019-0681-4
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model can be trained using a k-fold cross-validation technique as described 

below.  

 

The k-fold cross-validation technique involves splitting the dataset into k equally 

sized, non-overlapping subsets. Machine learning then learns the model for the 

k-1 folds. Individuals in these k-1 folds comprise the training data. The model 

is tested in the left-out fold (testing data). This process is repeated for each set 

of k-1 folds for training and the corresponding left-out fold for testing (Figure 

5-2). Commonly recommended approaches include 10-fold (i.e., a 90/10 split 

for training and testing), 5-fold (i.e., an 80/20 split), leave-one-out (k = sample 

size), and split-half (k = 2) cross-validation. Repeating the random splits 

(iterations) is generally recommended to obtain more stable estimates than a 

single split (Dangeti, 2017).  

 

 

Figure 5-2 K-fold cross-validation 

Shah, N., Arshad, A., Mazer, M.B., Carroll, C.L., Shein, S.L., Remy, K.E., 2023. 

The use of machine learning and artificial intelligence within pediatric critical 

care. Pediatr Res 93, 405–412. https://doi.org/10.1038/s41390-022-02380-

6 

 

As infant fcMRI imaging data is of high dimensionality (many features), support 

vector machine (SVM) multi-variate pattern analysis/classification can be used 

to determine patterns/differences within sub-groups of data (Ben-Hur et al., 

2008). Support vector machine (SVM) analysis is effective in instances where 
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number of dimensions (features) are greater than number of samples. Through 

transforming data into higher-dimensional space, an SVM can convert complex 

classification/regression problems (with complex decision surfaces) into simpler 

problems that can use linear discriminant functions (Mechelli and Vieira, 2019). 

For support vector classification (SVC), the SVM finds the hyperplane (i.e., plane 

in high-dimensional space, line in 2-dimensional space) that separates classes 

by maximizing the distance between observations closest to the separating 

hyperplane. 

 

Machine learning classification has been further extended to support vector 

regression (SVR) models, allowing quantitative predictions in individual 

subjects, and this has been used previously in infant studies (Nielsen et al., 

2023, 2019; C. D. Smyser et al., 2016a). For support vector regression (SVR), 

the SVM finds the hyperplane that allows predictions to be within a specified 

error band, where observations just outside the error band define the 

hyperplane. In the context of age prediction, SVR uses a training set of 

observations with known ages and calculates the multi-variate relationship 

between features (i.e. functional connections/edges) and age (Pereira et al., 

2009).  

 

5.2.4 Studies of brain age 

 

Using multivariate machine learning to estimate from brain features the age of 

the participant, has proven a powerful tool in recent years. It can be trained on 

large datasets spanning the age range. Then, when tested on unseen data, 

people with a “brain age” higher than their chronological age have been found 

to be at higher risk of various mental morbidities (Franke and Gaser, 2019). 

Diverse measures can be used to predict brain age. It has been used with 

structural and diffusion MRI to predict brain age in children and young adults 

(Erus et al., 2015). Further, in a study using structural and diffusion MRI 

features (creating ‘morphometric similarity networks’ derived from: regional 

volumes/diffusion tensor metrics/neurite orientation dispersion/image density) 

in a cohort of neonates (preterm and term scanned between 38 and 45 weeks 

PMA), the researchers regression model predicted PMA at scan with a mean 
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absolute error of 0.70 ± 0.56 weeks, and the classification model achieved 92% 

accuracy (Galdi et al., 2020).  

 

As a next step from structural/diffusion models, it is natural to expect that 

differences in functional MRI connectivity (instead of brain 

structure/tractography measures) may be particularly useful indicators of 

function/dysfunction in infant brain development. Since the initial 

measurements of rsfMRI in term infants asleep (Fransson et al., 2009) 

investigators have studied the changing functional network configurations in 

infants during infancy (Damaraju et al., 2014; Fransson et al., 2011; Gao et al., 

2013a, 2011). While higher-order resting state functional networks have been 

seen to develop slower (compared to primary motor/sensory networks) during 

the third trimester (Doria et al., 2010; Eyre et al., 2021) and infancy (Gao et 

al., 2015a; C. D. Smyser et al., 2016b), by 18 months age functional networks 

are relatively similar in architecture (Damaraju et al., 2010). It is during this 

period of rapid changing/developing resting state functional networks that there 

may be an opportunity to discern aberrant neurodevelopment. Indeed, the 

infant connectivity literature has shown differences in functional connectivity 

between preterm and term born infants/toddlers scanned asleep (Damaraju et 

al., 2010; Eyre et al., 2021; C. D. Smyser et al., 2016a, 2016b; Smyser et al., 

2010).  

 

Functional MRI connectivity has been used in multivariate models relating age 

and FC in a training set and predicting the age of test individuals in an 

adolescent/young adult group (Dosenbach et al., 2010), and also in an older 

adults group (Meier et al., 2012). Compared to the adolescent/adult literature 

in this area, Kardan et al have used FC fMRI data from the Baby Connectome 

Project study (Howell et al., 2019) to measure the reliability, uniqueness, and 

to predict age in a sample of older infants and toddlers (mean age 16 months: 

range 8-to-26 months) (Kardan et al., 2022). Using functional network features, 

a SVR (linear kernel) model (with 10-fold cross-validation) was used to predict 

infants’ and toddlers’ ages in months from their resting-state (asleep) FC 

pattern. The model successfully predicted novel infants’ age within ± 3.6 months 

error and a prediction coefficient of determination of R2 = 0.51 (Kardan et al., 

2022). This ability to predict brain age in toddlers was also extended to a fully 

infant cohort in another study where infants aged 6 months and 12 months 
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underwent asleep rsfMRI (these infants were at low/high risk for autism based 

on family history) (Pruett et al., 2015). These researchers used feature selection 

to choose the top 200 features from the pairwise correlations (26,335 edges) to 

use in their classifier model. While their study did not show the ability to classify 

risk of autism, the study did successfully classify 6 month versus 12 month age 

with 88% accuracy (Pruett et al., 2015). 

 

5.2.5 Aims and Objectives 

 

Previously in this thesis (Chapter 4), it has been shown that infants watching 

movies have a different FC matrix (group wise) and that the shared/evoked 

component of the awake FC is stronger in the term born group compared to the 

preterm born group. The evoked FC did not simply equate to a difference 

between ‘awake minus asleep’ FC but appeared distinct and more complex in 

origin. However, it was felt that certain attributes of this awake FC, specifically 

the strong connectivity of the somatomotor and default mode networks, may 

lend towards a discriminatory power (classification/prediction) in awake infants. 

Indeed, previously other studies in asleep infants/toddlers have shown how the 

DMN connectivity matures during the first 2 years of life (Gao et al., 2013b) and 

that the DMN contains important edges involved in age classification in asleep 

6 – 12 month old infants (Pruett et al., 2015).  

 

The hypothesis of this current study was that FC from movies will be more 

revealing of key phenotypes (birth gestation and scan age) than FC from 

sleeping infants (aged 2 months PMA) and this would be seen as a difference in 

classification/prediction ability.  

 

To achieve this aim, the following objectives were tasked: 

 

- To use simple machine learning techniques to enable 

classification/prediction of dependent clinical variables. 

- To examine the impact of various machine learning parameters on model 

function. 

- To assess whether asleep brain state data allows classification/age 

prediction ability in this age group. 
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- To assess whether awake (movie watching) brain state data allows 

classification/age prediction ability in this age group. 

- To identify any differences in classification/prediction ability between the 

asleep and awake brain states. 

- If successful classification/prediction was seen, to then analyse model 

features/weights to allow some inference of what brain networks were 

important regarding birth gestation/brain age differences. 
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5.3 METHODS 

 

5.3.1 Participants 

 

The first 100 infants recruited as part of the FOUNDCOG study were included. 

This consisted of 75 term controls and 25 graduates of the NICU (see previous, 

Figure 3-4). To allow more data representing the preterm group, four additional 

NICU participants (scanned Oct – Dec 2022) were included in the preterm group 

(in addition to the first 25 NICU participants). Details of the detailed practical 

setup for awake (movies) and asleep infant fMRI scanning are given previously 

in this thesis (Chapter 3).  

 

Infants attended for scanning at 2 months post-menstrual age (all infants born 

either term or preterm were each corrected to their PMA). All infants were 

scanned in the same Siemens Prisma 3T MRI scanner in the one visit/session. 

If the infant fell asleep, we acquired resting-state fMRI (1000 volumes) and then 

a T2-weighted anatomical sequence, as detailed in previously in this thesis 

(Chapter 3). These infants fell asleep naturally (no sedation) having commenced 

the session awake. 

 

 

5.3.2 State/Stimulus 

 

All infant movie and asleep data came from distinct functional runs (i.e. no 

concatenation of volumes/frames). Movie runs were collected while infants 

watched 6 short movie clips. Infant asleep runs were collected during natural 

sleep with the display turned off, without visual stimulation. The asleep fMRI 

run was stopped as soon as it was felt that the infant was no longer asleep. 

Asleep runs were 10 min long (1000 volumes). Asleep runs (surviving motion 

thresholds) were successfully obtained in 76 infants (56 term controls and 20 

preterms). 
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5.3.3 Code 

 

The code used for pre-processing, data handling, analysis, statistics, and output 

graphics is available at (please contact to request access permissions):  

https://github.com/Grahamgithubking/foundcog_pipeline/tree/master/graham

_code  

 

5.3.4 Pre-processing 

 

For fMRI runs the CMRR (https://www.cmrr.umn.edu/multiband/) gradient-

echo multiband EPI sequence was used (acceleration factor 4), 3 x 3 mm in-

plane, 36 slices of 3 mm plus 10% gap, phase encoding anterior-to-posterior, 

repetition time (TR) 610 ms, echo time (TE) 32 ms, flip angle 40 degrees, echo 

spacing 0.54 ms.  

 

MRI data were converted from DICOM to NIfTI format using dcm2niix 

(https://github.com/rordenlab/dcm2niix ) (Li et al., 2016). The FMRIB Software 

Library FSL was used in the pre-processing steps (Smith et al., 2004).  

 

Motion was determined using FSL MCFLIRT (Jenkinson et al., 2002), using the 

middle volume as the standard reference, and the 6 motion parameters (3 

translation, 3 rotation) were used to calculate framewise displacement (FWD, in 

mm) (Power et al., 2012) using Nippype software algorithm (Gorgolewski et al., 

2011).  

 

Two spin-echo reference protocols were acquired for distortion correction each 

time the infant was positioned in the head coil (i.e. once per session), one with 

phase encoding anterior-to-posterior and the other posterior-to-anterior, with 

the same geometry as the fMRI run but without multiband for better tissue 

contrast (TR=2,260 ms, TE=32 ms, FA=40 degrees, 10 volumes). 

Following motion correction with FSL MCFLIRT, the field distortion estimation 

from FSL TOPUP (Andersson et al., 2003) was then applied to the EPI data to 

correct for susceptibility distortion. One subject (of these 100 participants) was 

excluded due to failing to obtain field maps. 

 

https://github.com/Grahamgithubking/foundcog_pipeline/tree/master/graham_code
https://github.com/Grahamgithubking/foundcog_pipeline/tree/master/graham_code
https://www.cmrr.umn.edu/multiband/
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As a T2-weighted anatomical scan was not presumed/expected during the 

session (not needed as an inclusion criterion) a bespoke method of co-

registration/normalisation of the functional images was devised. To allow co-

registration of a subject’s multiple fMRI runs, a co-registration reference run 

was chosen (with asleep/resting state being the preferred co-registration run in 

any subject who had both resting state and movie runs). The mean of this 

chosen run was used as the co-registration reference. The mean images of a 

subject’s other runs were then co-registered (FSL FLIRT) using 12 DOF. Using 

the transformation matrices (from these co-registrations) the mean image of 

each run was re-oriented (applyXFM) to the space of the reference run. 

Averaging (ants.AverageImages) these mean images produced a single average 

volume in the reference space. 

 

For spatial normalisation to a common group space, a 2 – 5 month age infant 

T2-weighted template was used (Fonov et al., 2009). Using FSL FLIRT (cost 

function=mutual info, DOF=12) the single average volume was linearly 

registered (normalised) to the infant template. Combining both transformations 

(using fsl.utils.ConvertXFM) a subject’s distortion corrected (FSL TOPUP) 

functional runs were then both co-registered to the reference run and 

normalised to the template (applyXFM). The runs were then smoothed using a 

gaussian kernel (FWHM=5.0) using fsl.SMOOTH to allow for inaccuracies of 

spatial normalisation. Of note, functional runs were not slice time corrected as 

the TR was short at 0.61sec, and a multiband EPI sequence was used. Global 

signal reduction (GSR) was not applied as this analysis aimed at determining 

differences between groups of infants with different noise characteristics and so 

the effect of GSR was not certain (Murphy and Fox, 2017).  

 

5.3.5 Quality Control 

 

Quality control checks were as previously documented in Section 4.3.5. 
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5.3.6 Motion threshold 

 

In keeping with other recent studies (Ellis et al., 2021b; Yates et al., 2022) in 

awake infant fMRI a FWD threshold of 3mm was chosen. We required that less 

than 10% of volumes could meet this threshold (in keeping with the 

approximated number of similar volumes in the asleep runs). A mean of 1.4 

movies runs from each infant crossed the motion threshold (min 1 – max 3 

runs). Of all movies runs for all infants included the mean FWD was 0.72mm 

(std 0.37mm). Of all asleep runs for all infants included the mean FWD was 

0.19mm (std 0.11mm). 

 

5.3.7 Timeseries Signal Cleaning 

 

As less than 10% of volumes were allowed to meet the FWD threshold (i.e. 90% 

of volumes had to be below the chosen FWD threshold) in any run (movie or 

asleep), it was decided to keep the 480 consecutive volumes/frames intact, and 

no volume scrubbing/censoring was applied. As the segment length was 

relatively short (480 volumes) and the high pass filter was 0.01Hz, it was 

considered that there was no real need to detrend the segment. 

 

Steps of signal cleaning for included the following (in order): band pass filtering; 

confound regression; and z-scoring. For band pass filtering the signal was 

filtered between 0.01 and 0.1 Hz (as is common in infant/child connectivity 

literature). For confound regression the corresponding motion parameter file 

(FSL MCFLIRT motion correction) containing estimated 3 rotations and 3 

translations for each TR was uploaded. Confound regression includes fitting a 

linear model using motion estimates as regressors then subtracting it out from 

the signal. The output was z-scored meaning the timeseries were shifted to zero 

mean and scaled to unit variance. 

 

 

5.3.8 Functional connectivity 
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The Schaefer 400 parcellation (7 networks) atlas (Schaefer et al., 2018) was 

used for parcellation [See Appendix]. This is an adult parcellation based on the 

7 functional connectivity networks as determined by Yeo et al. (Thomas Yeo et 

al., 2011a). The 7 functional networks consist of: visual, somatomotor, dorsal 

attention, ventral attention, limbic, frontoparietal control, and default networks. 

 

As the movie runs were 480 TRs (volumes) in duration (5 initial volumes were 

discarded due to T1 equilibrium effects), the asleep runs were therefore similarly 

shortened to 480 consecutive TRs in length. This was so that both movies and 

asleep runs would contain the exact same number of volumes.  

 

Functional connectivity was calculated as the Pearson correlation of the 

timeseries for a parcel with every other parcel across the number of TRs 

(volumes) within the subject’s own run. This method was similar for both movies 

and asleep state runs. Any infants with repeat sessions of movie watching had 

sessions averaged within each subject. 

 

Network level connectivity was determined by calculating the arithmetic mean 

of the corresponding parcels of the 2-dimensional parcel level connectivity 

array. Parcels located on the leading diagonal (within network) of the parcel 

level array (400, 400) (i.e. value of ‘1’) were not included in the arithmetic 

means for their respective networks. 

 

The indices of the upper triangle (including the leading diagonal values) of the 

Yeo et al. (14, 14) network level connectivity matrices were taken to achieve a 

series of 105 unique network to network connections/edges. These 105 

connectivity edges were the column headers of the resulting dataframe. Each 

run (row of the dataframe) was labelled with the corresponding subject ID.  
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Figure 5-3 Example of a dataframe used for classification/regression analysis 

There were 105 network to network connections (columns). The correlation 

for a run (row) in the dataframe was labelled with the corresponding subject 

ID.  

 

 

5.3.9 Classification and regression variables 

 

Gestational age at birth was acquired through medical records upon study 

enrolment and was determined by best obstetric estimate (American College of 

Obstetricians and Gynecologists, 2017) including last menstrual period or 

earliest ultrasound dating available. For classification analyses an infant was 

classed as preterm if they were born less than 37 weeks 0 days post-menstrual 

age (PMA), and term if they were born on or after 37 and 0 days gestation 

(PMA).  

 

An infant’s state was classed as asleep as judged from: their eyes were closed, 

they had minimal movements, and based on both researchers (one with direct 

vision inside the scanner room and the other visually monitoring via the MR 

compatible camera) agreeing that the infant was asleep.  

 

An infant’s state was classed as movies (awake) as judged from: their eyes were 

open, and they were attending the visual stimuli as much as possible, to such 

an extent that they completed the movie run duration and that both researchers 

(one in the scanner room and one in the control room) agreed that the infant 

was comfortable and cooperative during the run.  
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Scan age (corrected age on day of scanning) was determined based on the 

infant’s birth gestation and chronological age since birth. This decision was to 

achieve similarity in PMA between infants (in as much as possible) on the day 

of MRI scanning. 

 

Head circumference (cm) was measured by the specialist registrar doctor (with 

expertise in the technique) on the day of attending for MRI scanning. 

 

Motion was determined by calculating the average FWD (Power et al., 2012) for 

the run (or across runs for infants with more than run).  

 

To determine an approximate level of neurodevelopment the Ages & Stages 

Questionnaire (ASQ) (Squires and Bricker, 2009) (parent reported 

questionnaire) was conducted at 9-months corrected age. Most infants received 

the 10-month ASQ (age range: 9mo 0d to 10mo 30d). However, based on an 

infant’s corrected age a small number of infants were slightly younger than 9 

months. Parents of those infants younger than 9 months corrected gestational 

age (CGA) were given the 8-month ASQ (age range: 7mo 0d to 8mo 30d). The 

total ASQ score for each infant was used as a variable in the regressor analyses. 

 

 

5.3.10 Support Vector Machine (SVM) Analyses 

 

Both support vector classification (SVC) and regression (SVR) was conducted 

using the package scikit-learn 1.0.2 (Pedregosa et al., 2011) in Python 3.8.10. 

 

5.3.10.1 SVM Classification (SVC) 

 

The first classification analysis was conducted to determine asleep versus movie 

state (sub-divided by preterm and term born infants). The second classification 

analysis was conducted to determine preterm versus term birth (sub-divided by 

asleep and movie state). 
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In the context of SVC, sampling was stratified (stratified k-fold) so that 

train/test sets represented the ratio of the vector for the entire dataset (for 

example: the ratio of term/preterm runs in the dataset).  

 

We used stratified 10-fold cross-validation to train/test the models. The cost 

parameter C of the SVC (kernel = linear) was tuned using another 10-fold inner 

loop. The cost parameter achieving the model with the highest balanced-

accuracy score was then used in the SVC for the 10-fold test sets. This whole 

process was iterated 10 times to ensure stability of the result and to ensure 

performance was not due to random seeding.  

 

By applying the classifier model for state (asleep versus movie) trained using 

term infant data only, to the features/data from the preterm group, we were 

able to assess whether the same features (network edges) that were important 

in classifying state (asleep/movies) in term infants were also important in 

preterm infants (and visa-versa). Similarly, by applying the classifier model for 

birth gestation (preterm versus term birth) trained using movie state data only, 

to the features/data from the asleep state, we were able to assess whether the 

same features that were important in classifying birth gestation (preterm/term) 

in the movies state were also important in asleep state (and vice-versa). 

 

5.3.10.2 SVM Regression (SVR) 

 

Multivariate regression analysis was conducted to predict variables (predicted 

gestational age, predicted scan age) using FC data from either the movie or 

asleep states respectively. Further SVR analysis was conducted using the 

combined (concatenated) movie and asleep run data for a subject (‘both 

states’).  

 

We used k-fold cross-validation to train/test the models. The cost parameter C 

of the SVR (kernel = linear) was tuned using a 10-fold inner loop. The cost 

parameter achieving the model with the highest R2 score (coefficient of 

determination) was then used in the SVR model for the 10-fold test sets. This 

whole process was iterated 10 times to ensure stability of the result and to 

ensure performance was not due to random seeding.  
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5.3.10.3 Parameter C 

Regularization/penalty parameter C is a hyperparameter with values between 0 

and infinity. The strength of the regularization is inversely proportional to C. If 

noisy data, C should be lower (larger margin, more violations). Parameter C was 

determined by a gridsearch [https://scikit-learn.org/stable/modules 

/generated/sklearn.model_selection.GridSearchCV.html] in a 10-fold validation 

inner loop, and the C value producing the best score (balanced-accuracy for 

SVC, R2 for SVR) in the inner loop was used for k-fold train/test sets of the 

model. 

 

 

5.3.11 Support Vector Machine Performance Metrics 

 

5.3.11.1 SVC Classification:  

 

Classification accuracy is the proportion of correctly classified instances over the 

total number of instances in the test set. Accuracy can be misleading in 

imbalanced datasets where the majority class dominates the accuracy score 

leading to falsely positive accuracy. 

 

Precision measures the proportion of true positives over the total number of 

predicted positives. Recall (sensitivity) measures the proportion of true positives 

over the total number of actual positives. A useful measurement in imbalanced 

data sets is the F1-score which relies on both precision and recall. The F1-score 

is calculated as 2 x (precision x recall) / (precision + recall). The F1-score gives 

an indication of how precise and robust a classifier is. Importantly, the F1-score 

only improves when both the amount and accuracy of predictions gets better 

(i.e. it considers how the data is distributed/balanced). F1-scores are useful in 

scenarios where it is important to identify both positive and negative cases for 

a chosen class.  

 

An initial assessment of unbalanced datasets (movies versus asleep, preterm 

versus term) used in this study showed that in some instances the accuracy 

score was impacted by unbalanced groups. An initial method to tackle this issue 

was to use a weighted SVM based on class frequency. The class weight is used 
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to give more importance to a certain class (i.e. the magnitude of the positive 

support vector will be higher than the negative vector). The SVM can penalize 

the errors made on the minority class more than the errors made on the majority 

class and balance the influence of both classes. The “balanced” mode uses the 

values of y to automatically adjust weights inversely proportional to class 

frequencies in the input data as n_samples / (n_classes * np.bincount(y)). While 

weighted classes are helpful when using unbalanced datasets, it was felt that 

the accuracy score was still not a transparent measure of performance, and so 

ultimately it was decided to use the F1-scores as a more transparent indication 

of the true predictive power for a class. 

 

Additional analysis (using F1-scores as performance metric) included random 

under-sampling of the largest class (term infants) for the ‘gestation’ classifier 

only (the ‘state’ classifier was already balanced in the original subject groups). 

This random under-sampling produced ‘balanced classes’ with equal numbers of 

preterm and term infants (compared to the original ‘unbalanced classes’). 

 

5.3.11.2 SVR Regression: 

 

Performance of SVR was determined using R2 values. R-squared (R2), also 

known as the coefficient of determination (and similar to the correlation 

coefficient squared), is a statistical measure that represents the proportion of 

the variance for a dependent variable that’s explained by one or more 

independent variables in a regression model. 

 

R2 = 1 – (RSS/TSS) 

 

where 

RSS represents the residual sum of squares. 

TSS represents the total sum of squares. 

 

5.3.12 Significance of prediction 

 

5.3.12.1 Classification significance 
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To evaluate the significance of the classification scores (F1 scores for each 

class), for each of the 10 iterations we generated a null distribution by 

calculating 1000 permutations of randomly shuffled labels (thereby removing 

dependency between the features and the labels). The p-value was the fraction 

of the 1000 permutations for which the average cross-validation score obtained 

by the model of shuffled labels was better than the cross-validation score 

obtained by the model using the original data. The p-values (10 iterations used 

to calculate the final classification score) were summed and divided by 10 to get 

the p-value for the final score. A small p-value suggests that there is a real 

dependency between features and targets which has been used by the estimator 

to give good predictions. 

 

5.3.12.2 Regression significance 

To assess the significance of the regression scores (R2), we used SVR to model 

the relationship between the FC features and randomly permuted samples of 

the dependent variable to create a null model. This process was repeated for 

1000 resamples. The p-value was the fraction of the 1000 permutations for 

which the average cross-validation score obtained by the null model was better 

than the score obtained by the model using the original data. The p-values (10 

iterations used to calculate the final classification score) were summed and 

divided by 10 to get the p-value for the final score. 

 

5.3.12.3 Differences in group means 

When comparing group means (e.g. preterm versus term) for differences in 

predicted versus actual data an independent t-test was used for statistical 

significance.  
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5.4 RESULTS 

 

5.4.1 Participants contributing to functional models 

 

The first 75 term control participants were included (as seen previously Figure 

3-4). To allow more data representing the preterm group, four additional NICU 

participants (scanned Oct – Dec 2022) were included in the preterm group (in 

addition to the first 25 NICU participants, seen previously Figure 3-4). Of the 75 

control participants, two did not have any functional MRI data. Of the 29 NICU 

(preterm) participants: one was excluded due to not having field maps; four 

were excluded due to having known structural brain pathology; and one was 

excluded due to poor registration to template. Characteristics of the remaining 

23 NICU graduates are shown (Table 5-1). 

 

 

Table 5-1 Population characteristics of included NICU graduates: 

 NICU (n=23) 

Birth gestation (wks, median) 32 (IQR 29-33) 

Sex (M:F) 10:13 

NICU days (mean) 39 (std 24) 

Chorioamnionitis (no.) 1 

Early onset sepsis (no.) 1 

Late onset sepsis (no.) 0 

Necrotising enterocolitis (no.) 0 

Chronic Lung Disease (no.) 5 

 

 

The remaining 96 infants (73 controls, 23 NICU) had functional runs (movies 

and asleep) assessed to see if they met the defined standard motion threshold 

for inclusion. The number of participants contributing runs meeting the standard 

motion threshold are shown in Figure 5-4. 
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Figure 5-4 Number of participants (Control/NICU) contributing to functional 

models (using standard motion threshold) 

 

 

5.4.2 Classification of birth gestation using connectivity features from 

different states 

 

5.4.2.1 Classifier models 

Classifier models of birth gestation (preterm/term) were created using 

features/data from asleep and movies states respectively. As can be seen in 

Table 5-2 there was an expected significant difference in birth gestation (the 

classifier vectors). In addition, motion/FWD approached significance, with 

slightly higher motion in the preterm infants scanned watching movies. 

 

Table 5-2 Population characteristics: Movies model 

 
Preterm 

(n=18)^ 

Term 

(n=62)^ 
P-value¥ 

Birth gestation (wks) 31.7 (2.9) 39.3 (1.1) 0.0001 

OFC (cm)** 40.6 (1.6) 40.6 (1.4) 0.94 

Scan age (mo.) 2.6 (0.6) 2.4 (0.5) 0.133 

Motion/FWD (mm) 0.8 (0.3) 0.7 (0.3) 0.09 

^ Mean (SD), unless otherwise stated 
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¥ Student t-test, unless otherwise stated 

** preterm n =16, term n = 59 
 

 

Using FC data from infants watching movies, the classifier was unable to classify 

term gestation from FC with an F1-score similar to the null/permuted classifier 

(Figure 5-5). The movie classifier showed true positives of 40, true negatives of 

6, false positives of 12, and false negatives of 22. 

 

In the asleep model it can be seen that there were minimal differences in 

characteristics of infants born preterm versus term (only birth gestation 

different as expected) (Table 5-3). 

 

 

Table 5-3 Population characteristics: Asleep model 

 
Preterm 

(n=20)^ 

Term 

(n=56)^ 
P-value¥ 

Birth gestation (wks) 32.5 (2.9) 39.2 (1.1) 0.0001 

OFC (cm)** 39.8 (1.8) 40.4 (1.3) 0.13 

Scan age (mo.) 2.5 (0.5) 2.3 (0.4) 0.29 

Motion/FWD (mm) 0.21 (0.16) 0.18 (0.09) 0.28 

^ Mean (SD), unless otherwise stated 
¥ Student t-test, unless otherwise stated 

** preterm n =18, term n = 53 
 

 

In asleep infants the classifier model was also unable to classify gestation in 

unbalanced model (Figure 5-5), with true positives of 41, true negatives of 9, 

false positives of 11, and false negatives of 15.  

 

Similarly, gestation could not be classified in a balanced model (Figure 5-6), 

either for the movies, with true positives of 9, true negatives of 11, false 

positives of 7, and false negatives of 9, or for asleep with true positives of 10, 

true negatives of 10, false positives of 10, and false negatives of 10. 
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Figure 5-5 F1-scores for classification (unbalanced classes) of birth gestation 

in asleep and movie states. 

(dots = F1-score for each of 10 model iterations, bar = mean F1-score) 
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Figure 5-6 F1-scores for classification (balanced classes) of birth gestation in 

asleep and movie states. 

(dots = F1-score for each of 10 model iterations, bar = mean F1-score) 

 

Examining differences in classification between models based on movies versus 

asleep data, unbalanced classes models appeared to indicate greater 

classification ability of gestation with infants in the asleep state compared to 

watching movies (F1-scores; 0.41 asleep versus 0.28 awake) (Figure 5-5). 

However, using balanced classes, this greater ability of gestation classification 

in the asleep state disappeared, in this case the movies model (F1-score 0.57) 

performed slightly better than asleep model (F1-score 0.50), p<0.002 (Figure 

5-6). 

 

Overall, it appears that the FC network features in both movies and asleep 

states, using a support vector classifier with a linear kernel, were poorly able to 

classify birth gestation in infants at 2 months corrected age (i.e. scan age 

approximately 2 months corrected age). 
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5.4.2.2 Generalisation of birth gestation classifier across states 

 

As there was considerable overlap in the infants who both fell asleep (asleep 

data set) and watched movies (movies data set), it was decided to determine 

whether indeed the difference in FC networks (difference in FC network features 

between movies and asleep states) might lend towards 

determination/classification of gestation. This analysis involved creation of the 

same SVC models (movies model trained on movies data, and asleep model 

trained on asleep data) but instead the models were tested on FC network 

features from infants in the other state (i.e. movies model tested on asleep 

data, and asleep model tested on movies data). In general, models performed 

worse (Figure 5-7 and Figure 5-8) (i.e. worse classification of gestation), 

however in the case of balanced models, the model trained on asleep data and 

tested on movies data, showed that the classification of gestation improved (F1-

score 0.66, p<0.001) (Figure 5-8) compared to when the same asleep model 

was tested on asleep data (F1-score 0.50, p<0.51) (Figure 5-6). This suggests 

that when a classifier is training on FC data with less motion noise from sleeping 

infants, it can effectively discriminate gestation when tested on movies. 
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Figure 5-7 F1-scores for classification models (unbalanced classes) tested on 

FC features from the other state (to classify gestation) 

(dots = F1-score for each of 10 model iterations, bar = mean F1-score) 

 

 

Figure 5-8 F1-scores for classification models (balanced classes) tested on FC 

features from the other state (to classify gestation). 

(dots = F1-score for each of 10 model iterations, bar = mean F1-score) 

 

 

5.4.2.3 Impact of confounders on birth gestation classifier 

 

To assess the impact of motion on classification of birth gestation the balanced 

classifiers (under-sampling the largest class to equal the smallest class) were 

re-run but trained with only FWD as the feature. This achieved F1-scores of 0.58 

and 0.16 from infants watching movies and asleep respectively. These scores 

are no greater than the F1-scores achieved when trained on FC network features 

(and indeed specifically asleep preterm infants had a considerably higher F1-

score when the model was trained on FC network features). 
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Similarly, to assess the impact of head circumference (OFC) on classification 

power, the balanced classifiers models were trained using only OFC as the model 

feature. This achieved F1-scores of 0.38 and 0.59 from infants watching movies 

or asleep respectively (i.e. no greater ability to classify birth gestation versus 

models using FC network features). 

 

Lastly, to assess the impact of scan age on classification of birth gestation, the 

balanced classifiers were trained with only scan age as the model feature. This 

achieved F1-scores of 0.51 and 0.15 from infants watching movies or asleep 

respectively. Again, these scores are no greater than the F1-scores achieved 

using FC networks features (and again, specifically, asleep preterm infants had 

a considerably higher F1-score when the model was trained on FC network 

features). 
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5.4.4 Classification of state using connectivity features from infants 

born at different gestation 

 

5.4.4.1 Classifier models 

Classifier models of state (asleep/movies) were created using features/data 

from preterm infants only and term infants only respectively. Classes were 

approximately equally balanced (Table 5-4 and Table 5-5). Importantly, the 

single and significant difference between infants scanned asleep versus 

watching movies was motion/FWD (as seen by significant p-values).  

 

Table 5-4 Population characteristics: Preterm model 

 
Movies 

(n=18)^ 

Asleep 

(n=20)^ 
P-value¥ 

Birth gestation (wks) 31.7 (2.9) 32.5 (2.8) 0.38 

OFC (cm)** 40.6 (1.6) 39.8 (1.8) 0.20 

Scan age (mo.) 2.6 (0.6) 2.5 (0.5) 0.39 

Motion/FWD (mm) 0.85 (0.3) 0.21 (0.16) 0.001 

^ Mean (SD), unless otherwise stated 
¥ Student t-test, unless otherwise stated 
** movies n = 16, asleep n = 18 

 

In the preterm model classification of state was high (f1 0.82, p<0.001) (Figure 

5-9). The classification model using FC network data from term infants only was 

able to classify state even better (f1 0.93, p<0.001) (Figure 5-9). 

 

 

Table 5-5 Population characteristics: Term model 

 
Movies 

(n=62)^ 

Asleep 

(n=56)^ 
P-value¥ 

Birth gestation (wks) 39.3 (1.1) 39.2 (1.1) 0.70 

OFC (cm)** 40.6 (1.4) 40.4 (1.3) 0.48 

Scan age (mo.) 2.4 (0.5) 2.3 (0.4) 0.28 

Motion/FWD (mm) 0.70 (0.3) 0.18 (0.1) 0.001 

^ Mean (SD), unless otherwise stated 
¥ Student t-test, unless otherwise stated 

** movies n = 59, asleep n = 53 
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Figure 5-9 F1-scores for classification of state (asleep/movies) in preterm and 

term born infants. 

(dots = F1-score for each of 10 model iterations, bar = mean F1-score) 

 

Initial reflection on these results appeared to show that infants born at term 

gestation had FC network features that allowed stronger/better classification of 

brain state (asleep versus movies) when undergoing fMRI at 2 months corrected 

age i.e. perhaps arousal/concentration or some other brain network connectivity 

features were more discriminatory in term infants. 

 

5.4.4.2 Generalisation of state classifier across birth gestation 

 

When assessing how the models (preterm/term data) performed when tested 

on FC network features from infants born a different gestation, it could be seen 

that F1-scores (classification) changed somewhat, likely due the fact that 

features used to decode state in the respective models were different between 

preterm and term born infants. In the case of the preterm model classification 

slightly increased, while in the case of the term model classification slightly 

decreased (Figure 5-10). 
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Figure 5-10 F1-scores for classifier models tested on FC features from infants 

born a different gestation (preterm/term) (to classify movies/asleep state). 

(dots = F1-score for each of 10 model iterations, bar = mean F1-score) 

 

5.4.4.3 Impact of confounders on state classification 

 

To assess the impact of motion on the classification of state, the models were 

trained using only motion/FWD as the training feature. These achieved F1-

scores of 0.82 and 0.92 from preterm and term infants respectively. These F1-

scores are practically the exact same as those calculated from models using the 

105 FC network edges features indicating that it is possible that the classification 

of state was driven by motion impacting the FC network feature values. This is 

an important finding, that merits deeper investigation in future studies. 

 

Similarly, to assess the impact of OFC on classification power, the classifier 

models were trained with only OFC as the feature. This achieved F1-scores of 

0.53 and 0.46 from preterm and term infants respectively. These indicate that 
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OFC had less impact than either functional connectivity or motion on state 

classification for both preterm and term born infants. 

 

Lastly, to assess the impact of scan age on state classification, the classifier 

models were trained with only scan age as the feature. This achieved F1-scores 

of 0.39 and 0.36 from preterm and term infants respectively. This shows that 

scan age likely holds some factor which explains a considerable amount of the 

variance associated with asleep infant state. 
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5.4.5 Prediction of birth gestation using connectivity data from different 

states 

 

Using SVR machine learning models, estimates of predicted gestational age at 

birth were calculated using the FC data from infants who fell asleep and watched 

movies awake respectively.  

 

Initial characteristics of the asleep infant group were examined using Pearson-r 

correlation values with birth gestation (Table 5-6). This showed that more 

premature born infants (younger gestation) were scanned at a slightly older 

corrected age (r = -0.15), had slightly smaller head circumferences (r = 0.13) 

likely reflecting slower ex-utero growth in the NICU, and had slightly more 

motion/FWD (r = -0.19).  

 

Table 5-6 Variables potentially related to birth gestation – Asleep fMRI data 

 
No. 

Infants 
Mean (std); min-max 

Correlation w/ 

birth gestation^ 

Birth gestation 

(wks) 
76 37.4 (3.4); 28.6-41.7 n/a 

Scan age (mo.) 76 2.37 (0.43); 1.60-4.10 -0.15 

OFC (cm) 71 40.3 (1.5); 35.7-44.0 0.13 

FWD (mm) 76 0.19 (0.11); 0.07-0.65 -0.19 

^Pearson r correlation 
 

 

Using the FC network features from the asleep data (76 infants), a SVR model 

was fitted to the actual gestational age data. The model performed poorly with 

the given data and predicted all ages between 37 and 40 weeks gestation 

(Figure 5-11). The coefficient of determination (R2 = -0.14) was slightly 

negative implying that the fit of the model was worse than that of fitting a 

horizontal straight line through the mean of the data (null hypothesis). 
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Figure 5-11 Support vector regression results depicting actual (x-axis) versus 

predicted (y-axis) gestational age at birth for term and preterm infants 

determined using asleep connectivity data at 2 months corrected age.  

 

Characteristics of the infant group watching movies were examined using 

Pearson-r correlation values with birth gestation (Table 5-7). Again, this showed 

that more premature born infants (younger gestation) were scanned at a slightly 

older corrected age (r = -0.10), had slightly smaller head circumferences (r = 

0.06) and had slightly more motion/FWD (r = -0.12).  
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Table 5-7 Variables potentially related to birth gestation – Movies fMRI data 

 
No. 

Infants 

Mean (std); min-

max 

Correlation w/ 

birth gestation^ 

Birth gestation 

(wks) 
80 37.6 (3.5); 23.9-41.7 n/a 

Scan age (mo.) 80 2.5 (0.5); 1.6-4.1 -0.1 

OFC (cm) 75 40.60 (1.4); 37.0-44.0 0.06 

FWD (mm) 80 0.74 (0.33); 0.20-1.5 -0.12 

^Pearson r correlation 

 

 

Again, using the FC network features from the awake movies data (80 infants), 

a SVR model was fitted to the actual gestational age data. Again, this model 

performed poorly with the given data and predicted all ages between 37 and 40 

weeks gestation (Figure 5-12). The coefficient of determination (R2 = -0.14) 

was similar to that of the asleep state and was slightly negative implying that 

the fit of the model was worse than that of fitting a horizontal straight line 

through the mean of the data (null hypothesis).  

 

The difference (error) between predicted versus actual gestational age (absolute 

value) was calculated for each infant using their asleep followed by movie data. 

The average for the groups was calculated and showed a difference of 6 weeks 

and 1.1 weeks for preterm and term groups respectively (p value <0.001) for 

asleep state. Similarly, the average difference was 7.1 weeks and 1.0 weeks for 

preterm and term groups respectively (p value <0.001) for the movie state. 

 

Overall, these results imply that the FC network features (at the Yeo et al. 7 

network edge level) in these infants at scan age (2 months corrected age) did 

not contain information explaining the variance of gestational age at birth in 

these infants (both asleep and movies states). 
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Figure 5-12 Support vector regression results depicting actual (x-axis) versus 

predicted (y-axis) gestational age at birth for term and preterm infants 

determined using movie (awake) data at 2 months corrected age.  
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5.4.6 Prediction of scan age using connectivity data from different 

states 

 

Estimates of predicted scan age (corrected age a scan visit) were calculated 

using the fMRI data from infants who fell asleep and watched movies 

respectively. Characteristics of the asleep infant group were examined using 

Pearson-r correlation values with birth gestation (Table 5-8). These showed that 

those scanned at an older corrected scan age (min 1.6 – max 4.1 months age) 

were born at a younger gestation (Pearson-r = -0.15), had larger head size 

(Pearson-r = 0.34) and has more motion/FWD (Pearson-r= 0.05).  

 

Table 5-8 Variables potentially related to scan age – Asleep fMRI data 

 
No. 

Infants 
Mean (std); min-max 

Correlation w/ 

scan age^ 

Scan age (mo.) 76 2.37 (0.43); 1.60-4.10 n/a 

Birth gestation 

(wks) 
76 37.4 (3.4); 28.6-41.7 -0.15 

OFC (cm) 71 40.3 (1.5); 35.7-44.0 0.34 

FWD (mm) 76 0.19 (0.11); 0.07-0.65 0.05 

^Pearson r correlation 
 

Using the asleep FC network features the fitted model (SVR linear kernel) was 

able to explain a small amount of the variance associated with scan age (Figure 

5-13) (R2 = 0.09, p<0.01).  
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Figure 5-13 Support vector regression results depicting actual (x-axis) versus 

predicted (y-axis) scan age for term and preterm infants determined using 

asleep connectivity data at 2 months corrected age.  

 

Next, infants with movies connectivity data were analysed to assess the 

relationship between FC networks and scan age as assessed by a fitted SVM 

regression (linear kernel) model. The characteristics of the 80 infants watching 

movies and the Pearson-r correlation with the variable of interest (scan age) 

was examined (Table 5-9). This showed stronger correlation between head size 

(Pearson-r = 0.45) and motion/FWD (Pearson-r = 0.23) than the data set 

analysed in the asleep model.  

 

Table 5-9 Variables potentially related to scan age – Movies fMRI data 

 
No. 

Infants 

Mean (std); min-

max 

Correlation w/ 

scan age^ 

Scan age (mo.) 80 2.5 (0.5); 1.6-4.1 n/a 

Birth gestation 

(wks) 
80 37.6 (3.5); 23.9-41.7 -0.10 

OFC (cm) 75 40.60 (1.4); 37.0-44.0 0.45 
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No. 

Infants 

Mean (std); min-

max 

Correlation w/ 

scan age^ 

FWD (mm) 80 0.74 (0.33); 0.20-1.5 0.23 

^Pearson r correlation 
 

The previous small relationship between FC network features and scan age seen 

in the asleep model (previous) appears to disappear when using the infants with 

movies data (Figure 5-14) (R2 = 0.00, p<0.03). 

 

Figure 5-14 Support vector regression results depicting actual (x-axis) versus 

predicted (y-axis) scan age for term and preterm infants determined using 

movies connectivity data at 2 months corrected age.  

 

In those infants with FC runs in both states (asleep and movies) FC network 

features were combined (concatenated) to create a total of 210 features (105 

asleep + 105 movies). This was to assess whether perhaps the combined 

(larger) feature set would be able to predict (explain variance) scan age better 

than the individual states alone. Results showed that this was not the case 

(Figure 5-15) (R2 = -0.01, p<0.03). 
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Figure 5-15 Differences in prediction (R2 values) of scan age using data from 

a) movies, b) asleep, and c) both states (concatenated input features). 

 

The difference between predicted versus actual scan age (absolute value) was 

calculated for each infant using their asleep followed by movie data. The average 

difference was calculated and showed a difference of 0.33 weeks (preterm) and 

0.27 weeks (term) for asleep state (p value <0.007). On the other hand, the 

average difference was 0.5 weeks (preterm) and 0.32 weeks (term) for the 

awake movie state (p value <0.001). These differences are small, and it is 

unlikely that these differences represent any real difference in FC network 

activity.  

 

5.4.6.1 Robustness of regressor to confounding variables 

 

Using the SVR machine learning model, the relationship between FC network 

features and confounding elements was assessed. Two confounders included 

head size (OFC) and motion (FWD). These are commonly included as 

confounders in functional connectivity analyses. We further included the 

relationship between FC network features (at scan age, i.e. approx. 2 months) 
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and later neurodevelopment using scores from Ages & Stages Questionnaires 

(parental devised scores) which were carried out later (when infants were 9 

months corrected age). Although the Ages & Stages Questionnaire was used as 

an early indicator of development, behavioural follow-up testing of both the 

preterm and term cohorts is currently ongoing, so we are unable to confirm at 

this time whether infants in either group are developing normally/abnormal on 

these more formal assessments. The Ages & Stages Questionnaire has 5 

domains (maximum score 60 in each domain). While, in standard procedures, 

a child is assessed as normal/borderline/below in each domain, we used a 

cumulative score (maximum 300) as a continuous variable for the SVR 

regression model.  

 

 

Table 5-10 Coefficient of determination (R2) model scores for the relationship 

between functional connectivity (asleep/movies) and various confounder 

factors 

 Asleep model Movies model 

ASQ score -0.11 -0.11 

OFC -0.19 -0.17 

Motion/FWD 0.16 (p<0.01) 0.25 (p<0.01) 

 

While the regression models (SVR) showed a lack of relationship between the 

FC network features and both head circumference and Ages & Stages scores, 

the models did show some relationship between FC network features and motion 

(FWD), with the variance explained by motion (asleep R2 = 0.16, movies R2 = 

0.25) greater than the previously weakly positive variance explained by scan 

age (R2= 0.09). 
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5.5 DISCUSSION 

5.5.1 Classification of brain state in young infants 

 

We have previously shown in this thesis (Chapter 4) that significant differences 

in group-level FC matrices between awake (movies) versus asleep states exist. 

While our SVC classifier was able to classify state (asleep/movies) with high 

ability (F1-scores range = 0.82 – 0.93) in both preterm and term born infants, 

it is difficult to dissect whether this classification is driven by true FC features 

(neural processing) or the confounding motion (in movies state) (motion values 

inputted into the SVC model had equal classification ability as FC features). 

However, supporting this finding of an ability to classify state is a recent study 

by (Tristan S Yates et al., 2023) which examined asleep versus movies states 

in a cohort of young children (asleep age range 4-21 months, movies age range 

4-32 months) with a mean age of 12 months. Only a few children overlapped 

having runs in both states in their study (unlike the cohort in this study). In 

their study the authors found that they could classify a child’s asleep versus 

movie state with 91% accuracy score (similar classification of state to this study) 

(Tristan S Yates et al., 2023).  

 

5.5.2 Classification of birth gestation in young infants 

 

We showed that a SVM classifier (with a linear kernel) using 105 whole-brain 

network functional connectivity features (Thomas Yeo et al., 2011a) from young 

infants both asleep and watching movies was poorly able to classify birth 

gestation. The one exception to this finding was the use of an SVC model trained 

on asleep FC and tested using movies FC and which was able to classify preterm 

birth with low-moderate ability (F1-score 0.66). It is of note that motion and 

scan age did not appear to drive this finding, which potentially shows that 

discriminating FC features can be identified when trained on a low-motion asleep 

dataset. Further, the richer data in the test set (movies FC) may underly this 

improved classification of preterm birth. Future work might investigate training 

regimes that will allow the network to focus on age-related features while 

ignoring motion features, perhaps by stratifying on both dimensions. Possible 
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reasons for this inability to classify birth gestation are multiple and are discussed 

below. 

 

 

5.5.2.1 Possibility that preterm infants already have similar FC at 2 months age 

We have seen previously in this thesis (Chapter 4) that while group-wise FC 

differences existed between these term/preterm groups, the magnitude of the 

FC differences was small. So perhaps the FC features themselves did not contain 

enough difference/information allowing classification? While most literature has 

shown disrupted connectivity in ex-preterm infants scanned at term corrected 

age (Ball et al., 2016; Gozdas et al., 2018; Smyser et al., 2010), less literature 

reports ongoing disrupted connectivity in ex-preterm children scanned at 3 

years age (but no differences in connectivity at 18 months) (Damaraju et al., 

2010) and at school age (Wehrle et al., 2018). Indeed developmental plasticity 

can allow preserved brain function and this has been shown in preterm infants 

(Herzmann et al., 2017).  

 

However, to counter this argument is an important study by Smyser et al. in 

which term born and preterm infants were scanned at term equivalent age and 

in which a machine learning classifier was able to classify birth gestation with 

84% accuracy (C. D. Smyser et al., 2016a). These authors showed that both 

early maturing (motor/sensory) and later maturing higher-order (default/dorsal 

attention/salience) networks all contributed towards their classification accuracy 

(i.e., it is unlikely that these higher-order networks would have normalised by 

the age of infants in our study). Important differences exist between their study 

and our study and these include (not limited to): preterm birth gestation (more 

extreme in their study), group numbers (they had more numbers with 50 infants 

in equal term and preterm groups), motion handling (they scrubbed/censored 

frames with FWD>0.5mm), number of features (they used feature selection to 

choose consensus features from 22,791 functional edges) and age of scanning 

(they scanned at a younger age i.e. term equivalent age).  

 

5.5.2.2 Possibility that un-suitable brain networks/parcellation were adopted 

In another study of a large group of ex-preterm infants scanned at term 

equivalent age, researchers were able to classify preterm (n=105) versus term 

(n=26) born infants with 80% accuracy (Ball et al., 2016). Interestingly their 
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classification power came from both cortical and subcortical nodes, with over 

50% of edges connecting one or more nodes with the basal ganglia (Ball et al., 

2016). Consideration of subcortical nodes seems an important aspect of their 

success, and indeed a previous group using fMRI connectivity analysis in very 

preterm infants have shown that connectivity between thalamo-cortical regions 

correlated with standardised neurocognitive assessments at 20 months PMA 

(Toulmin et al., 2020). While we did not consider using an atlas including 

subcortical brain regions, this would be an important consideration for future 

analysis. 

 

Because there is not yet consensus on the spatial layout of neonatal functional 

networks (Doria et al., 2010; Eyre et al., 2021; Gao et al., 2015a; Lin et al., 

2008) we used definitions of functional networks derived in one thousand 

healthy young adults (Thomas Yeo et al., 2011b). This allowed us to calculate 

our 105 edges/features for the support vector machine analyses. Indeed, not 

having anatomical images for each infant (co-registration of our infants’ fMRI 

images was to a chosen fMRI reference run: see “Pre-processing Section”) led 

to the decision to adopt the 105 edges/features instead of 79,800 edges using 

the Schaefer parcellation scheme (Schaefer et al., 2018), as it was felt that a 

considerable proportion of these thousands of edges may not be registered 

accurately (given the limitation of not having anatomical images). Another 

reason for choosing only 105 network edges (105 features) was due to the fact 

that it is known that SVM models over-fit when they have many more features 

than samples (i.e. risk of over-fitting was considered). 

 

However perhaps these functional networks, derived from an adult cohort, are 

not ideal for this infant age and impacted results? Indeed Ball et al. used group 

independent component analysis (ICA) to determine functional parcellation in 

their asleep machine learning classifier of preterm versus term birth (Ball et al., 

2016). Similarly, using their defined Baby Connectome Project infant/toddler 

functional networks (Howell et al., 2019), researchers in another study trained 

separate SVR models using features from each of the 11 infant/toddler networks 

separately. Networks involving temporal regions, regions overlapping with the 

canonical dorsal attention network (DAN), motor areas, anterior fronto-parietal 

network (aFPN), and frontal parts of the default mode network (infant-DMN) all 

reliably changed over 8–26 months in manner that facilitated age prediction in 
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their toddler group (Kardan et al., 2022). Further conflict with the results of this 

current study using adult functional networks it the fact that Nielsen et al. were 

able to predict PMA at scan in a group of infants at term age using various adult 

network parcellation schemes (Nielsen et al., 2023). 

 

5.5.2.3 Possibility of minimal phenotypic difference between preterm and term infants 

Another reason for poor classification of birth gestation may be due to the fact 

that our NICU (preterm) group had a relatively complication-free NICU course, 

with relatively few morbidities of prematurity (see Table 5-1) (this is in addition 

to the fact that NICU graduates with structural brain injury were already 

excluded). There is a possibility that our preterm group did indeed have similar 

FC to the term born group when scanned at 2 months age. Indeed, many 

functional networks present in adults are evident in preterm infants by the time 

they reach term equivalent age (Doria et al., 2010; Fransson et al., 2009). 

However, in refute of this suggestion is the findings of a study of healthy term 

born infants scanned shortly after birth, in which researchers found that SVR 

was able to predict differences in PMA at scan (R2 = 0.51) of healthy term 

neonates even within the narrow window of development (38–45 weeks PMA) 

(Nielsen et al., 2023). Pending developmental follow-up in the cohort will allows 

us to investigate this hypothesis. 

 

5.5.3 Prediction of birth gestation and scan age 

 

In this current study the SVR regression model (linear kernel) was not able to 

predict gestation at birth using FC data from either asleep infants or infants 

watching movies. It is known that data from complementary imaging modalities 

lend towards improved model accuracies in machine learning (Brown et al., 

2012; Erus et al., 2015; Temko et al., 2011). Our results show that combining 

data from infants who had FC data in both states (asleep/movie) did not improve 

prediction compared to models using data only in one state. In contrast to our 

regression findings, Smyser et al. showed a significant difference in predicted 

birth gestation (using SVR analysis) between their preterm (30+4 PMA) and 

term (36+4 PMA) groups scanned asleep at term equivalent age (C. D. Smyser 

et al., 2016a) (study differences given already, above).  
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Our SVR model was weakly able to predict scan age (R2 = 0.09) in the asleep 

FC dataset only (scan age range 1.6 to 4.1 months age). This was not achieved 

using movies FC data. Whether this prediction is related to FC (neural) 

maturation (asleep state) that is only evident in the asleep state (and not shared 

in movies state) is uncertain. Importantly, it is notable that the asleep state had 

less motion compared to movies state (however asleep FC data also predicted 

FWD with greater prediction power than that of scan age).  

 

It is likely that motion plays a significant impact on both the inability to predict 

birth gestation in our study and the weak ability to predict scan age. Indeed a 

previous study has shown that, in a group of children and adults in resting state 

(awake viewing a cross-hair), that prior to rigorous motion denoising, 50% of 

the variance was explained by motion (reducing to 4% after motion denoising) 

(Nielsen et al., 2019). Using stringent motion denoising (frames >0.2mm were 

censored) they showed that FC was able to predict brain age/maturity (Nielsen 

et al., 2019). While global signal regression (GSR) has been shown to mitigate 

the impact of motion on SVM models (age prediction), we did not perform GSR. 

The use of GSR is considered controversial and to date there is no clear 

consensus in the literature (Murphy and Fox, 2017). 

 

5.5.4 Conclusion 

 

In summary, while our study indicates that FC data from 2-month aged infants 

can classify brain state (asleep/movies) during the scan (both ex-preterm and 

term born infants) and can predict scan age (asleep state only), it is likely that 

methodological challenges in our analysis limited our ability to classify and 

predict birth gestation. This lack of classification/prediction ability for birth 

gestation, precluded planned ‘next step’ analysis of functional network/edge 

contributions (Dosenbach et al., 2010; C. D. Smyser et al., 2016a). 

 

Future work adopting SVM analysis, but also using more rigorous motion 

censoring; registration to anatomical images; and bespoke infant 

atlases/parcellation (to include subcortical regions); may perhaps lend towards 

improved classification of birth gestation (and subsequent analysis of 

networks/features driving same).   
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CHAPTER 6 GENERAL DISCUSSION 
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6.1 INTRODUCTION 

 

This study is one of the few functional MRI studies of awake infants worldwide 

and the first awake infant fMRI study in Ireland. This study used naturalistic 

stimuli (movies) to command infants’ attention and complemented this with a 

carefully planned scanning protocol, team (including parents), and environment. 

It is known that watching movies in the MRI scanner can both achieve better 

fMRI data quality (less movement) in child populations (Vanderwal et al., 2015) 

while also constraining variability (noise) in the functional data (but still 

preserving meaningful differences in a subject’s connectome) (Finn, 2021). This 

study presents results from functional connectivity analysis of these infants 

(term born and preterm born) in both awake and asleep states. It examines the 

group connectivity patterns seen in both states while also investigating whether 

there is an individual component of the connectome that is stronger/unique in 

either state. It is this individual component which ultimately may link with 

behaviours in the future (i.e. a potential neuroimaging biomarker for preterm 

infants). 

 

 

6.2 OVERVIEW OF RESULTS AND LIMITATIONS 

6.2.1 Practicalities and challenges of awake infant fMRI 

 

In the hospital setting infant MRI requires careful sedation protocols (Sury et 

al., 2005). In neonates, it is possible to avoid sedation with a stepwise approach 

with feed-and-wrap technique and infant immobilization (vacuum pillows), 

which can also ensure good image capture success rates in asleep MRI (R. King 

et al., 2023). However, by 2-3 months-old, success rates using this method are 

less than 50% (Wild et al., 2017), too low for clinical practice, and sedation is 

necessary for asleep MRI.  

 

In this study, the use of naturalistic stimuli (movies) was successful in this 

young infant population undergoing MRI scanning. The movies held the infants’ 

attention, as determined from the facial video footage rating of ‘interested and 



225 
 

scanning’ (i.e. the infant was eye scanning the visual stimulus) for at least 85% 

of the run time. While infants in this study viewed both movie runs and picture 

runs (pictures runs not analysed in this thesis), movie runs were more 

successful (i.e. most infants completed approximately 2 full video runs 

compared to 1 full picture run). The unique added benefit of a 2-month age 

infant scan appears to be the fact that many infants fall asleep later in the 

session (allowing gathering of asleep state FC in 80% of infants and T2-weighted 

sequences in 70% of infants).  

 

Motion does impact awake infant MRI scanning. In this study 87% (62/71) of 

term infants and 69% (20/29) of preterm infants had a movie run meeting the 

inclusion criterion (>90% of frames with FWD less than 3 mm). However, only 

20% and 10% of term and preterm infants respectively met the stricter motion 

inclusion criterion (>90% of frames with FWD less than 0.5 mm). These 

inclusion rates are similar to those seen in a recent infant awake FC MRI study 

using similar motion thresholds (Tristan S Yates et al., 2023) confirming the 

generalisability of this finding. 

 

Further this study showed how there is a ‘settling in’ phase for an infant who 

transitions from an awake run into an asleep run in the same fMRI session. It is 

thought that this ‘settling in’ phase is due to motion associated with early active 

(REM) sleep in these young infants. The effect of this ‘settling in’ phase is a drop 

in BOLD signal (which then slowly recovers over the period). This is an important 

realisation for any future awake infant scanning protocol design. 

 

In addition to ensuring appropriate acoustic noise (from gradient magnetic 

fields) level reduction (noise inside the ear cup was monitored continuously 

during scanning), this study found that active noise cancelling (ANC) 

headphones were of more benefit during asleep runs (especially the transition 

period from awake through to asleep), however the need for a ‘learning phase’ 

for the ANC headphones undermined their benefit during awake movies runs 

(movies with audio input).  

 

Neonatal/infant research is considered complex, hands-on and time intensive 

and due consideration is needed for deciding the balance or risk exposure versus 

benefit from research. This is compounded by the fact that parents have to 
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make the decision/consent on behalf of their infant (Krishna and Fuloria, 2022). 

In this study a carefully planned non-intrusive/delicate approach to participant 

recruitment was prioritised. This resulted in satisfactory recruitment rates (13% 

for parents of controls and 27% for parents of NICU infants). During the 

scanning session parents were encouraged to be active helpers (hands-on) to 

ensure infant comfort. Feedback form parents surveyed showed that they felt 

that infants had been comfortable during awake scanning and that their 

visit/session has contributed towards usable data.  

 

In this study only a few awake infants achieved runs meeting the stricter motion 

threshold criterion. As such, the generalisability of study findings/analysis is 

limited. However, future pooling of these data with other awake infant/toddler 

fMRI studies would be an important future step. Our findings are being shared 

with the foetal/infant/toddler neuroimaging community (FIT’NG community) 

which is an increasingly active and growing community of researchers (Pollatou 

et al., 2022; Vaughn et al., 2022).  

 

6.2.2 Important confounds in infant fMRI fingerprinting 

 

This study compared functional fingerprinting within a session and across 

sessions. Confounding variables were identified and included motion, head size, 

inter-session interval and head position in the head coil. Head position was 

impacted the most with 98 - 100% success in within-session fingerprinting using 

only the regional SNR located in the head coil. This finding likely explains the 

discrepancy in success rates for within-session and across-session fingerprinting 

in infants. Future infant across-session studies (i.e. studies where infants are 

placed down in the head coil more than once, and/or where there is head growth 

in the intervening period) will need to allow for this finding in their study design, 

to mitigate head position/SNR induced artifact. This study discussed 

developments in infant head coil design which are timely given these findings. 

 

6.2.3 Functional connectivity in awake and asleep infants 

 



227 
 

This study scanned young infants in the awake (movies) conscious state using 

a neuroimaging modality (fMRI) that allows assessment of functional networks 

deep to the cortical surface (unlike EEG for example). This study has shown that 

there is a different pattern of fMRI connectivity between sleep and awake 

(movies) states, and that infants born preterm (assessed at 2 months PMA) 

have similar connectivity in limbic network edges in both states (while term born 

infants have lower limbic connectivity in the awake/movies state). This study 

also found that infants watching movies appear to have more modular brain 

activity, with stronger connectivity within networks than across them, relative 

to the sleeping state. 

 

This study adopted the inter-subject functional connectivity method (Hasson et 

al., 2004; Simony et al., 2016) to determine if there is a shared connectivity in 

these young awake infants and to determine what RSN pattern it might take. 

Analysis showed how cortical edges containing the somatomotor and default 

networks (left/right/inter-hemispheres) dominated the pattern of shared (inter-

subject) connectivity in infants watching movies. This finding that movie-

watching modulates FC in the DMN has been shown previously in older 

children/adolescents (Sanchez-Alonso et al., 2021). In contrast, in preterm born 

infants this finding was limited to edges containing the somatomotor network 

only (i.e., not including edges containing the default network).  

 

In a recent study of toddlers (mean participant age 12 months) (Tristan S Yates 

et al., 2023) researchers found that the average FC was not significantly 

different between asleep and movies states. This is a similar result to the 

findings of this thesis. These investigators also found that these functional 

networks in toddlers were equally similar to adult functional networks regardless 

of sleep/movie state, suggesting that infant consciousness might not impact 

overall measures of functional network maturity (Tristan S Yates et al., 2023). 

 

 

6.2.4 Using machine learning to examine functional connectivity 

 

One hypothesis of this current study was that FC from movies will be more 

revealing of key phenotypes (birth gestation and scan age) than FC from 
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sleeping infants (aged 2-months PMA) and this would be seen as a difference in 

classification/prediction ability using a machine learning model. Ultimately, 

while this study indicates that FC data from 2-month aged infants can classify 

brain state (asleep/movies) during a scan (both ex-preterm and term born 

infants) and can weakly predict scan age (asleep state only), it is likely that 

methodological challenges in our analysis limited our ability to classify and 

predict birth gestation. Future work adopting SVM analysis, but also using more 

rigorous motion censoring; registration to anatomical images; and bespoke 

infant atlases/parcellation (to include subcortical regions); may perhaps lend 

towards improved classification of birth gestation (and subsequent analysis of 

networks/features driving same).  

 

 

6.3 FUTURE WORK 

 

Infant participants in this project (FOUNDCOG: https://www.foundcog.org/ ) 

are already undergoing longitudinal follow up investigations. Firstly, all infants 

who attended for the 2-month MRI scan visit have been asked to attend again 

for a further MRI scan at 9-months (PMA). These 9-month scan have just 

recently been completed (data yet to be analysed). This 9-month fMRI data will 

allow future functional connectome analysis (fingerprinting) across-sessions (2-

month versus 9-month visit) using data from awake (movies) and asleep states. 

This future analysis will include analysis of within-subject connectivity and 

between-subject connectivity (ISFC, shared connectivity) (Hasson et al., 2004). 

Further, functional connectivity patterns that are more stereotyped in certain 

subjects than others may be captured by dynamically tracking the temporal 

profiles of the shared (ISFC) changes (Bolton et al., 2018) and this new 

approach may prove useful in the awake (movies) state in this infant cohort.  

 

The awake infant MRI data acquired in this project (FOUNDCOG project) can 

further lend towards the understanding of early brain patterns of categorical 

representation in early infancy. Awake functional data has been analysed by the 

project team to investigate infant brain processing of categories (semantic 

development) and has been used in conjunction with computational modelling 

(deep neural networks) to provide insights into the developmental origins of the 

https://www.foundcog.org/
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visual system. Using design matrices (regressors for categories) and generalised 

linear models, the awake infant data in this study has been fit (convolved with 

the haemodynamic response function), and correlations between voxel-wise 

response patterns (for each category) have been calculated. Using 

representational similarity analysis, patterns of brain activity across different 

conditions have been determined. Patterns of brain activity have also been 

compared to deep neural network patterns.  

 

All infant participants (term controls and preterm/NICU) are being asked to 

complete the Vineland-3 Adaptive Behavioural Scales (Sparrow and Cicchetti, 

1985) at 18-months age (PMA). This is a parent questionnaire, and it is used to 

measure communication, activities of daily living, social development, and risk 

of autism in this study population. Parental questionnaires are well established, 

but have confounding effects of the parent’s opinions, and an alternative is to 

directly test the infants. Therefore, at 24 months age (PMA) we are also 

acquiring a new touch-screen based measure of infant executive function, the 

Cognitot (www.liltoda.com). These data from all participants will allow 

correlation with the 2-month and 9-month MRI data in both the control group 

and NICU group participants. Those participants recruited from the NICU (n = 

29) are being offered a Bayley Scales of Infant Development (BSID) (Version 3) 

at 2-years age (PMA). The BSID is a face-to-face assessment of toddler 

cognitive, receptive language and expressive language (Mental Development 

Index) and fine/gross motor (Psychomotor Developmental Index) (Michalec, 

2011). This assessment will allow more in-depth analysis/correlations of MRI 

data and developmental outcomes in the NICU participant group.  

 

6.3.1 Future work – dealing with physiological noise 

 

In infants the cardiac and respiratory cycles are faster than older 

children/adults. It is known that infants have relatively prominent occiputs and 

forward/backward (z-axis of the MRI scanner) head movements can occur with 

respiration. While the facial camera (in-bore) provided real-time footage of 

gross infant head movements, it was challenging to know whether the infant 

head was having small/micro movements (e.g. due to respiratory or cardiac 

pulsations). Attaching heart rate and/or respiratory rate monitoring devices to 

http://www.liltoda.com/
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an apprehensive awake infant can be detrimental to ensuring a 

comfortable/happy infant is relaxed at the start of watching movies in the 

scanner. Historically fMRI sampling rate was too slow to filter this physiological 

noise out of the signal and often this noise was aliased in the true BOLD signal. 

In recent years multiband accelerated MRI has allowed multiple slices of the 

brain to be acquired at the same time (through multiple radio-frequency coils 

which separate the overlapping images into their separate slices) (Griffanti et 

al., 2014). This technique allows shorter TR times (i.e. fractions of seconds). 

Shorter TR times allows more time points (improving statistical power) but also 

prevents the aliasing of high frequency noise, such as infant heart rate and 

infant respiratory rate, into the lower frequency functional BOLD signal (Cordes 

et al., 2001). Independent component analysis (ICA) is a technique used in 

functional neuroimaging to separate statistically independent components from 

linearly mixed signals (Beckmann, 2012; Kiviniemi et al., 2003). Future work 

on this infant dataset could include inspection of the spatial maps, timeseries 

and frequency spectrum in order to label these physiological noise parameters 

and to then filter this physiological noise out of the signal. An example of a 

useful platform for this future work would be FMRIB’s ICA-based Xnoisefier (FIX) 

(Salimi-Khorshidi et al., 2014). An alternative solution could also be probe free 

(marker-less) measurement of these small movements. Novel motion capturing 

methods, such as TracInnovations (Slipsager et al., 2019) can both provide real-

time motion estimates, and motion data for image correction. This technology 

uses invisible infrared light to construct high resolution 3D surfaces, enabling 

marker-less tracking of a participant’s head. Using advanced algorithms, the 

motion data can be used to reconstruct a new image eliminating the effect of 

the motion artifacts up to ±10-15 mm (Slipsager et al., 2019). This technology 

could improve delineation of signal versus motion in future imaging data. 

 

6.3.2 Future work – monitoring researcher position 

 

One important data that was not measured in this study, but that is realised as 

a potential confound/noise, was the position of the researcher relative to the 

main static magnetic field (B0). In the optimal case (an awake, minimally moving 

infant) the researcher stood away from the infant at approximately the 5 Gauss 

line. However, in some cases, if the infant needed reassurance, the researcher 
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placed their hand on the infant’s leg or pelvis to sooth the infant. As the infant 

watched the movies, often the researcher then remained in this position close 

to the infant and within the stronger magnetic field of the bore of the scanner. 

As the infant settled, sometimes the researcher would then move away from 

this closer position, and retreat to the 5 Gauss line. In summary, this variable 

position of the researcher (during a run), relative to the static magnetic field, 

may have introduced variation in the magnetic field during a run. Future work 

should track the position of the researcher (e.g. camera identifying the 

proximity of researcher to the infant during a run) to mitigate this technical 

confounder. 

 

6.3.3 Future work - registration of infant functional MRI images 

 

A limitation of this study is that infant fMRI frames/volumes were registered to 

a functional (fMRI) reference volume (i.e. not an anatomical MRI image). This 

was because awake runs were prioritised. However, in retrospect 70% of infants 

in this study fell asleep allowing collection of T2-weighted anatomical MRI 

images. Future work will include use of these T2-weighted images to register 

the fMRI data to the anatomical landmarks, ideally using surface-based 

registration techniques (surface-based registration achieves better cross-

subject alignment of functional areas compared to volume-based registration) 

and has been used in large infant studies such as the dHCP (Makropoulos et al., 

2018). Also, for those infants still without anatomical images (i.e. never fell 

asleep), future work will include investigation of the potential for alignment of 

fMRI data using ‘functional’ signal instead. This ‘hyper-alignment’ can be 

accomplished using evoked BOLD-signal time courses during movie-watching 

(Conroy et al., 2013; Sabuncu et al., 2010) and may offer a future solution to 

infant awake scanning where anatomical MRI sequences are not obtained. 

 

 

6.3.4 Future work – measurement of level of arousal or sleep 

 

In this study infants were labelled/tagged as asleep state or awake state 

(various facial footage tags e.g. ‘eyes_scanning’), however the level of arousal 
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(awake) or level of sleep were not directly measure. It is known that infants 

born at term (controls) average 16 – 18 hours sleep per day (with 50% of sleep 

in REM sleep), while premature born infants spend even longer periods asleep 

(80% of sleep in REM sleep) (André et al., 2010). Ultimately these differences 

suggest that infants in this study may have had different levels of asleep which 

were not measure. A future consideration would be to included fMRI-EEG 

simultaneously in future infant studies. Simultaneous fMRI-EEG has been 

previously been demonstrated to be safe and feasible in newborn infants (Arichi 

et al., 2017).  

 

 

6.3.5 Future work - comparing infant to older children/adult populations 

 

Longitudinal analysis comparing infant resting-state (i.e. asleep) fMRI data to 

older resting-state (i.e. awake) child/adult populations is challenged by the 

difference in state in which the data is acquired. Methods for transforming 

awake/movie FC patterns into sleep FC patterns (and vice-versa) are needed 

for longitudinal studies using fMRI. Future work using data form this study could 

include regression of the shared (ISFC) awake/movie evoked timecourse from 

each parcel (ROI) in the infant data and using the residuals as a comparable 

representation of FC (infant versus child/adult resting-state). Another future 

method may include using models (deep neural network models) for 

transformation of sleep into movies FC patterns (and vice-versa) in infants. 

Already one research group (UNC/UMN Baby Connectome Project) have used 

this type of model in a small cohort of infants and has shown how it out-

performed other models in prediction of state and maintenance of modular 

connectivity structure (Hu et al., 2021b).  

 

While a future focus may be on this transformation of sleep into movies FC 

patterns, it is important to recognised that likely it is no single state 

(asleep/resting/awake/movies) that can a full picture of brain functional 

organisation, but rather functional organisation is better estimated from 

multiple task states (rather than rest alone), and that behaviour prediction 

models trained on data from a combination of tasks states outperforms models 

trained on resting-state data alone (Elliott et al., 2019).  
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6.4 CONCLUSION 

 

This thesis explored the important practical aspects and challenges of awake 

functional MRI in the young infant population. While methods used resulted in 

successful completion of awake fMRI runs and good infant comfort/attendance 

(as reported by researcher and parents), still motion had an impact on data 

analysed. Future pooling of low motion awake infant fMRI data will be important 

for the infant neuroimaging research community. This thesis highlighted 

important confounders impacting the stability of the infant functional 

connectome (fingerprint) when comparing within-session versus between-

session functional analysis. While there were more similarities than differences 

in functional connectivity patterns between asleep and awake states, this thesis 

showed the existence of a shared connectivity (awake state) in infants watching 

movies. While functional connectivity patterns were able to differentiate state 

(asleep/awake), this study was unable to differentiate measures of brain 

maturity (birth gestation/brain age) using the minimally pre-processed data 

acquired and simple machine learning models. Future work and methodological 

improvements are shared, ultimately in the hope that infant functional MRI 

analysis will prove an important biomarker during this pre-verbal early life 

period.  
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APPENDIX SECTION – SCHAEFER ATLAS PARCEL/NETWORK 

DESCRIPTIONS 

 

 

 

  

Label Name Network Name Full component name

7Networks_LH_Vis visual visual

7Networks_LH_SomMot somatomotor somatomotor

7Networks_LH_DorsAttn_Post dorsal attention posterior

7Networks_LH_DorsAttn_FEF dorsal attention frontal eye fields

7Networks_LH_DorsAttn_PrCv dorsal attention precentral ventral

7Networks_LH_SalVentAttn_ParOper salience / ventral attention parietal operculum

7Networks_LH_SalVentAttn_TempOcc salience / ventral attention temporal occipital

7Networks_LH_SalVentAttn_FrOperIns salience / ventral attention frontal operculum insula

7Networks_LH_SalVentAttn_PFCl salience / ventral attention lateral prefrontal cortex

7Networks_LH_SalVentAttn_Med salience / ventral attention medial

7Networks_LH_Limbic_OFC limbic orbital frontal cortex

7Networks_LH_Limbic_TempPole limbic temporal pole

7Networks_LH_Cont_Par control parietal 

7Networks_LH_Cont_Temp control temporal

7Networks_LH_Cont_PFCd control dorsal prefrontal cortex

7Networks_LH_Cont_PFCl control lateral prefrontal cortex

7Networks_LH_Cont_OFC control orbital frontal cortex

7Networks_LH_Cont_PFCv control ventral prefrontal cortex

7Networks_LH_Cont_pCun control precuneus

7Networks_LH_Cont_Cing control cingulate

7Networks_LH_Cont_PFCmp control medial posterior prefrontal cortex

7Networks_LH_Default_Par default parietal

7Networks_LH_Default_Temp default temporal

7Networks_LH_Default_PFC default prefrontal cortex

7Networks_LH_Default_pCunPCC default precuneus posterior cingulate cortex

7Networks_LH_Default_PHC default parahippocampal cortex

7Networks_RH_Vis visual visual

7Networks_RH_SomMot somatomotor somatomotor

7Networks_RH_DorsAttn_Post dorsal attention posterior

7Networks_RH_DorsAttn_FEF dorsal attention frontal eye fields

7Networks_RH_DorsAttn_PrCv dorsal attention precentral ventral

7Networks_RH_SalVentAttn_TempOccPar salience / ventral attention temporal occipital parietal

7Networks_RH_SalVentAttn_PrC salience / ventral attention precentral

7Networks_RH_SalVentAttn_FrOperIns salience / ventral attention frontal operculum insula

7Networks_RH_SalVentAttn_PFCv salience / ventral attention ventral prefrontal cortex

7Networks_RH_SalVentAttn_PFCl salience / ventral attention lateral prefrontal cortex

7Networks_RH_SalVentAttn_Med salience / ventral attention medial

7Networks_RH_Limbic_OFC limbic orbital frontal cortex

7Networks_RH_Limbic_TempPole limbic temporal pole

7Networks_RH_Cont_Par control parietal

7Networks_RH_Cont_Temp control temporal

7Networks_RH_Cont_PFCv control ventral prefrontal cortex

7Networks_RH_Cont_PFCl control lateral prefrontal cortex

7Networks_RH_Cont_pCun control precuneus

7Networks_RH_Cont_Cing control cingulate

7Networks_RH_Cont_PFCmp control medial posterior prefrontal cortex

7Networks_RH_Default_Par default parietal

7Networks_RH_Default_Temp default temporal

7Networks_RH_Default_PFCv default ventral prefrontal cortex

7Networks_RH_Default_PFCdPFCm default dorsal prefrontal cortex medial prefrontal cortex

7Networks_RH_Default_pCunPCC default precuneus posterior cingulate cortex
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APPENDIX SECTION – DEFINITIONS OF CAMERA FOOTAGE TAGS 

 

These are in alphabetical order: 

• Adult_hand 

o Anytime the adult (supervising the infant in the scanner) places their 

adult hand near to the baby’s face/head.  

o Usually this is to place the soother into the infant’s mouth, or to 

hold/keep it in the baby’s mouth for a brief period of time. This can 

happen multiple times when a baby continues to spit out the soother. 

• Asleep 

o Their eyes are fully closed and their lack of movement suggests they 

are asleep. Note: a sucking reflex can occur in infants when asleep 

o Asleep tag can last seconds or minutes (and is often alternated 

sequentially with tags of ‘sleepy’) 

• Baby_out 

o The baby has disappeared from the camera location. 

• Eyes_blocked (this concerns the ability to tag by the tagger) 

o The camera view of the baby’s eyes is blocked (i.e. neither of the 

two eyes are visible enough to allow confident tagging). This can be 

due to an obstructed view or an unclear view (e.g poor light, e.g. 

blurred focus, etc) 

o Note: in many videos the distal/furthest eye is invisible or partially 

visible, however this tag relates to moments when neither eye is 

visible. 

o This tag does not preclude the use of other tags (i.e. other tags can 

be given in parallel) 

• Eyes_closed_awake (the emphasis is on the awake baby) 

o When a baby has their eyes fully closed for >1sec 

o This can be e.g. while crying, or e.g. rubbing their eyes, or other 

reason, (crying does not necessarily mean eyes closed) 

o Avoid giving this tag in the ‘sleepy/asleep baby’ setting. 

• Fussing 

o When the baby appears upset (detail below) 

o Baby does not have to be fully crying (e.g mouth-open/vocalising) to 

get this tag. Instead this tag is based on details of the baby’s facial 

expression. 
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o This tag is given if at least 2 (out of 4) of the following are present in 

the facial expression: 

▪ Brow bulging/lowering: bulging, creasing, above and between 

brows resulting from lowering and drawing the brows together 

▪ Nasolabial furrowing: pulling upwards and deepening in the 

nasolabial fold 

▪ Opening lips/mouth: any separation of the lips (even when an 

object present in the mouth) 

▪ Eye squeeze (eyelid must close): squeezing/bulging of the 

eyelid (fatty pad of eyelid) 

• Interest_enjoyment 

o Time periods (>1sec) when the baby is any of: Smiling, or 

talking/babbling happily 

o Only tag this when confident that baby is enjoying 

o This is an infrequent tag 

• Interest_scanning 

o These tags will generally be anything from, e.g. 3-4s >> e.g. 40-60s, 

and signify the ‘continuous’ time period when a baby is conducting 

‘eye scanning’ of the visual stimuli 

o This is NOT JUST when the eyes/pupils are physically moving, but 

includes the time between eye movements when the baby appears to 

be in a continuous state of interest (with intermittent eye scanning 

movements). 

o This is NOT simply when the baby is ‘looking/attending’ the stimuli (c.f 

‘Looking_away’ tags below) 

• Looking_away_internal 

o Baby’s eyes are deviated to an angle/extreme that it appears as 

though they are not looking towards the stimuli. There appears no 

external reason for the baby to have looked_away other than an active 

decision internally 

• Looking_away_camera 

o Baby’s eyes are deviated to an angle/extreme that it appears as 

though they are not looking towards the stimuli. They appear to have 

chosen to look directly at the mri camera itself. 

• Looking_away_foreignobject 
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o Baby’s eyes are deviated to an angle/extreme that it appears as 

though they are not looking towards the stimuli. They appear to have 

chosen to look directly at a foreign object (e.g. a toy, e.g. a hand) 

• Object_in_mouth 

o This is to record when a baby has the sensory stimulation of a 

soother/object in their mouth. The object is actually inside their mouth 

(not nearby, not outside the mouth). This causes them to suck/bite 

the object. 

o An object includes (not limited to): 

soother/doody/teether/finger/thumb/hand/ (continue) 

• Sleepy 

o When a baby appears quiet, as if heading towards sleep. 

o A common sign is when eyelids begin to close 

o However, their eyelids must still be partially open (NOT fully closed). 

They must not be ‘asleep’ (a separate tag) 

• Vocalising 

o When the baby appears to vocalise. 

o Note: Do include vocalising during tag fussing if you think the baby is 

vocalising while fussing. However, these two tags are not totally 

dependent on each other being present. 
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APPENDIX SECTION – PARENTAL FEEDBACK QUESTIONNAIRE 

 

 



277 
 

 

 

  



278 
 

APPENDIX SECTION – INFANT MRI STANDARD OPERATING 

PROCEDURES 
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