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ABSTRACT 
 

During the last few decades advances in perinatal care have led to significant 

improvements in the survival of preterm infants. However, survivors of preterm birth 

are at increased risk of brain maldevelopment, and subsequent neurodevelopmental 

deficits compared to their term-born peers. Given that neurodevelopmental trajectories 

are amenable to early interventions, there is a critical window of opportunity to improve 

long-term outcomes for children born preterm. Currently, there are no clinical tools 

which accurately predict brain growth or subsequent neurodevelopmental outcomes 

for preterm infants. Hence, the objectives of this study were: (a) to identify the early 

life exposures that impact total and regional brain volumes at term-equivalent age 

following preterm birth, and (b) to accurately predict language outcomes at two years 

Corrected Gestational Age (CGA). To this end, we analysed data from a longitudinal 

cohort of preterm infants born before 33 weeks of gestation at the Royal Infirmary of 

Edinburgh and developed parsimonious machine learning models using feature 

selection and advanced machine learning techniques. This work revealed that a 

combination of clinical, biological, and environmental exposures, including potentially 

modifiable risk factors, such as postnatal nutrition, respiratory illness, and 

socioeconomic deprivation, best predicts cerebral tissue volumes at term-equivalent 

age. Furthermore, we found that a combination of diffusion tensor imaging features 

and clinical perinatal factors collected as part of routine care accurately predict 

language outcomes at two years CGA. These results have important implications for 

clinical practice: mitigating these risk factors can inform current perinatal practices, 

leading to enhanced brain development and neurodevelopmental outcomes following 

preterm birth. Moreover, these findings could facilitate timely identification of infants 
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who are at considerable risk of language impairment and who may benefit from 

targeted early interventions and support services. Overall, our research can potentially 

offer preterm infants a healthier start in life, improved long-term outcomes and a better 

quality of life. 
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LAY SUMMARY 
 

In recent years, advances in medical care have significantly increased the survival 

rates of preterm infants (i.e., babies who are born before completing 37 weeks of 

pregnancy). However, these infants still face a higher risk of impaired brain growth and 

subsequent neurodevelopmental problems compared to term babies (born after 37 

weeks of pregnancy). Although interventions during early childhood can significantly 

improve outcomes for preterm infants, there are currently no clinical tools to reliably 

predict brain growth or neurodevelopmental outcomes for these babies. This research 

aimed to: (a) identify the early life exposures that affect brain growth, and thus, the 

brain size of preterm infants, and (b) develop a tool that predicts language abilities at 

two years of age. To achieve these goals, we studied a group of preterm infants who 

were born before 33 weeks of pregnancy at the Royal Infirmary of Edinburgh. We 

found that a set of clinical, biological, and environmental exposures predicts brain 

volumes in preterm infants. Some of these exposures, such as the infant’s nutrition, 

respiratory illness, and socioeconomic deprivation, can potentially be modified to 

enhance brain growth. In addition, we found that another set of clinical and imaging 

features during early life can reliably predict language abilities at two years of age. 

These findings are important because they can inform current clinical practices, 

leading to enhanced brain development and better outcomes for preterm infants. In 

addition, this research can help clinicians to timely detect which preterm infants are at 

risk of future language problems, allowing for targeted interventions and support 

services. Overall, our research can offer preterm infants a healthier life start, improved 

long-term outcomes, and ultimately, a better quality of life. 
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CHAPTER 1: INTRODUCTION 
 

1.1. Background 
 

Preterm birth is defined by the World Health Organization (WHO) as any live birth that 

occurs before 37 completed weeks of gestation and can be further subcategorised 

based on Gestational Age (GA) into four groups: late preterm (GA between 34 weeks 

and 36 weeks and 6 days), moderate preterm (GA between 32 weeks and 33 weeks 

and 6 days), very preterm (GA between 28 weeks and 31 weeks and 6 days), and 

extremely preterm (GA less than 28 weeks) (WHO, 2018). Worldwide, an estimated 

13.4 million infants are born preterm annually, indicating a global prevalence of about 

10% (Ohuma et al., 2023). Although in resource-rich settings, advances in perinatal 

care have led to marked improvements in the survival of preterm infants over recent 

decades (Mehler et al., 2016; Myrhaug et al., 2019; Norman et al., 2019; Patel et al., 

2017; Stoll et al., 2015), preterm birth remains the leading cause of infant and 

childhood mortality. In 2020, preterm birth and its associated complications accounted 

for 17.7% of all deaths in children under 5 years old, and 36% of neonatal deaths, 

globally (Perin et al., 2022).  

 

The preterm brain is particularly vulnerable to insults that occur prenatally and during 

the early postnatal period, which can lead to altered brain development. Survivors of 

preterm birth are at increased risk of life-long neurodevelopmental adverse outcomes 

compared to children born at full term. Moreover, there is an inverse relationship 

between the risk of morbidity and GA, with extremely preterm infants being at the 
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highest risk, followed by very preterm infants, and then moderate and late preterm 

infants (Fernández de Gamarra-Oca et al., 2021; Pascal et al., 2018; Sarda et al., 

2021). Adverse neurodevelopmental outcomes associated with prematurity include 

global and specific learning difficulties, executive dysfunction, inattentiveness, motor 

impairments, deficits in language skills, hearing and visual disorders, and poor social, 

emotional, and behavioural functioning. Many mental health disorders are also more 

frequent among adolescents and adults who were born preterm (S. Johnson & Marlow, 

2017). 

 

Most information about the impact of preterm birth on brain development comes from 

older studies that do not reflect recent advances in perinatal care (Boardman et al., 

2020). Thus, there is a need to analyse data that comes from a 21st-century cohort in 

order to investigate the early life risk factors that affect a child’s growing brain and 

subsequent neurodevelopmental outcomes.  The underlying rationale is that these 

insights may lead to the development of new methods for the timely detection of 

children who are at greatest risk for long–term neurodevelopmental impairment and 

who may benefit from targeted early developmental interventions. In addition, 

identifying the key factors that affect brain growth following preterm birth could further 

improve current perinatal treatments and neuroprotective strategies, which could 

potentially lead to better long–term outcomes and quality of life for this vulnerable 

population. 
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1.2. Statement of the problem 
 

Increased survival rates following preterm birth are accompanied by high incidence 

rates of a wide range of negative sequelae. Approximately one-third of children born 

very preterm will have neurodevelopmental impairment at 2 years of age (Trittmann, 

Nelin and Klebanoff, 2013; Kidokoro et al., 2014). Around 5% to 10% of children born 

preterm will have cerebral palsy, 25% to 40% will suffer from other motor impairments, 

and 25% to 50% will have cognitive deficits, attentional, social, emotional, and 

behavioural problems, which persist into adulthood (Crump, 2020; Volpe, 2019), 

substantially diminishing their quality of life and imposing a significant economic 

burden to affected individuals, their families and caregivers, as well as high health and 

educational costs to society (Hua et al., 2023; Mangham et al., 2009).  

 

Little is known about the biological, environmental, and social factors that affect brain 

development and subsequent neurodevelopmental outcomes following preterm birth, 

which presents challenges for risk stratification and for the discovery and evaluation 

of neuroprotective strategies. Neurodevelopmental trajectories are amenable to early 

developmental interventions, which presents a window of opportunity to have a 

profound, long-lasting effect on later life (Orton et al., 2024).  However, currently, there 

is a lack of clinical tools which accurately predict long–term neurodevelopmental 

outcomes for children born preterm.  Thus, there is a clear unmet clinical need for the 

identification of the early life risk factors that impact the brain development of the 

preterm infant, and early detection of those children who are at high risk of adverse 

outcomes. Timely identification will assist in targeting intervention programmes which 

can potentially prevent or mitigate later challenges, thus improving development, and 

quality of life. 
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1.3. Purpose of the study 
 

The overall objective of the current study was the identification of the early life 

exposures that impact brain development and subsequent neurodevelopment, and the 

development of novel and multifactorial tools for stratification of children at risk of long–

term neurodevelopmental impairments following preterm birth. Identifying potentially 

modifiable risk factors that affect brain development, and timely detection of children 

at high risk of long–term deficits, will give health professionals the best opportunity to 

treat and intervene early to improve outcomes for this vulnerable population. The 

ultimate goal is to offer preterm infants a healthier life start, improved long–term 

functioning and a better quality of life. 

 

1.4. Research objectives and hypotheses 
 

The first objective of the current thesis was to identify the predictors of altered brain 

growth associated with preterm birth. Specifically, we aimed to explore the early life 

risk factors that jointly impact preterm brain growth and develop a machine learning 

model to accurately predict global and regional cerebral tissue volumes at term–

equivalent age following preterm birth. Our goal was to identify the combination of the 

most important perinatal variables that are associated with the neuroanatomical 

abnormalities underlying neurodevelopmental deficits following preterm birth and to 

identify potentially modifiable risk factors to enhance perinatal treatments and 

interventions, ultimately improving long–term neurodevelopmental outcomes and 

quality of life for children born preterm. We hypothesised that a combination of 

biological, clinical, and environmental perinatal variables would accurately predict 
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global and regional cerebral volumes following preterm birth. Given that different brain 

regions are characterised by different growth rates, we also hypothesised that they 

are differentially vulnerable to perinatal exposures. 

 

The second objective of this thesis was to develop a machine learning model that 

accurately predicts language outcomes at two years of CGA following preterm birth. 

We hypothesised that a model which combines clinical, environmental, and brain 

imaging features that capture generalised white matter dysmaturation, would 

outperform existing statistical models, thus allowing for accurate prediction of 

language outcomes at two years CGA and timely identification of preterm infants who 

are at greatest risk of language deficits and who would benefit most from targeted 

early interventions and support services. 

 
1.5. Structure of the thesis 
 

This thesis is organised into seven chapters. Chapter 1 introduces the research topic, 

provides background information, outlines the overarching goals of the study, and 

presents an overview of the thesis structure. Chapter 2 provides a review of the 

relevant literature, identifies knowledge gaps, and outlines the specific research 

objectives and hypotheses addressed by this study. Chapter 3 describes the study 

design and data collection methods. Chapter 4 provides a detailed overview of the 

methodology used for data analysis. Chapter 5 presents the findings on prediction of 

global and regional cerebral volumes following preterm birth. Chapter 6 presents a 

machine learning model for prediction of language outcome at two years corrected 

gestational age (CGA) following preterm birth. Finally, Chapter 7 summarises and 
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provides some overall context for the main findings of the study, outlines the 

limitations, and outlines areas for future research. 
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CHAPTER 2: LITERATURE REVIEW 
 

2.1. The preterm brain 
 

2.1.1. Preterm brain development and neuroimaging findings  
 

The third trimester of gestation is characterised by accelerated foetal brain 

development in terms of both structure and function (Kapellou et al., 2006). During this 

critical period, several biological processes take place, including a rapid increase in 

brain volume, the formation of sulci and gyri, neuronal differentiation and organisation, 

myelination, spinogenesis, and synaptogenesis (Kostović & Jovanov-Milošević, 2006; 

Kostovic & Vasung, 2009; Rajagopalan et al., 2011; Volpe, 2018). It is well established 

that during the late foetal human development, there is an exponential increase in total 

and regional cerebral tissue volumes, with different brain regions exhibiting different 

growth rates. Specifically, between the 25th and 36th weeks of pregnancy, the 

cerebellum exhibits the highest growth rate with a four-fold increase in volume, while 

the total brain and regional cerebral volumes are characterised by a two-fold increase 

in size (Andescavage et al., 2016; Clouchoux et al., 2012). 

 

Preterm birth results in an abrupt and premature exposure of the developing foetal 

brain to the extrauterine environment during a period of critical biological processes 

(Kapellou et al., 2006), which renders the brain particularly vulnerable to insults 

associated with preterm birth, such as ischaemia, inflammation, excitotoxicity, and 

oxidative stress, potentially leading to brain injury and dysmaturation (Volpe, 2019). 

Preterm birth is strongly associated with aberrant brain development, impaired 
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function and subsequent neurocognitive impairment (see sections 2.1.2 and 2.1.3). 

Neuroimaging at term-equivalent age reveals significant differences in brain 

development between preterm infants and their full-term counterparts. Magnetic 

Resonance Imaging (MRI) has been extensively used to assess preterm brain 

development in terms of both macrostructure and microstructure. 

 

Structural MRI (sMRI) with conventional T1 and T2 weighted sequences provides a 

detailed assessment of neonatal brain anatomy (Counsell et al., 2019), and is a 

commonly used tool for brain morphometry and volumetric analysis of the preterm 

brain (Counsell et al., 2019). Groupwise studies using volumetric analysis have shown 

that very preterm infants tend to have smaller total and regional brain volumes at term-

equivalent age compared to full-term infants. Specifically, the preterm brain is 

characterised by reduced volumes of white matter, cortical grey matter, deep grey 

matter structures, and the cerebellum (Ball et al., 2012; Batalle et al., 2018; Boardman 

et al., 2006; Inder et al., 2005; Limperopoulos et al., 2005; Loh et al., 2017; Mewes et 

al., 2006; Srinivasan et al., 2007; Thompson et al., 2007). However, growth failure is 

not inevitable (Boardman et al., 2007) suggesting that considerable individual variation 

exists.  

 

In addition to the anatomic details provided by sMRI, information about the 

microstructural organisation and connectivity of the developing brain can be obtained 

by Diffusion MRI (dMRI), specifically Diffusion Tensor Imaging (DTI). This type of MRI 

measures the diffusion of water molecules in brain tissues over time, providing 

information about the brain’s microstructure (Counsell et al., 2019). In the 

cerebrospinal fluid, water molecules are not restricted and are free to move in any 
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direction, meaning that the diffusion is isotropic (i.e., water molecules diffuse equally 

in all directions). Conversely, in the white matter which mainly consists of axons, water 

movement/diffusion is restricted along the direction of the axons, making the diffusion 

anisotropic (Counsell et al., 2019). Typical DTI measures used to describe the 

microstructural integrity of cerebral white matter, including water content, degree of 

myelination, neuronal density, and axon integrity and orientation, involve Fractional 

Anisotropy (FA – refers to the degree of anisotropy of water diffusion within the brain 

tissue), Axial Diffusivity (AD – measures water diffusion parallel to axon tracts), Radial 

Diffusivity (RD – measures water diffusion perpendicular to axon tracts), and Mean 

Diffusivity (MD – measure the average diffusion of water molecules) (Counsell et al., 

2019). Multiple studies have shown that at term-equivalent age, preterm infants exhibit 

altered white matter microstructure compared to infants born at term. Specifically, the 

white matter tracts of the preterm brain usually exhibit lower values of FA, and higher 

values of MD, AD, and RD compared to full-term neonates, indicative of diffuse white 

matter tissue damage (Batalle et al., 2018; Brossard-Racine et al., 2017; Dibble et al., 

2021; Kaur et al., 2014; Kelly et al., 2019; Knight et al., 2018; Pannek et al., 2018; 

Pecheva et al., 2018; Pogribna et al., 2013; S. E. Rose et al., 2008; Thompson et al., 

2011; Thompson et al., 2019a).  

 

Although the DTI parameters mentioned above can reliably capture microstructural 

white matter alterations in the preterm brain, whole-brain calculation of these metrics 

is computationally expensive, making it difficult to use them in models as early 

biomarkers of future neurocognitive impairment. Thus, Blesa et al. demonstrated that 

another set of metrics derived from histogram analysis of DTI parameters of the 

skeletonised white matter tracts (i.e., peak width of skeletonised [PS] -FA, -MD, -RD, 
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and -AD) can be used to assess white matter microstructure in preterm infants (Blesa 

et al., 2020). At term-equivalent age, preterm infants tend to have higher values of 

peak width of skeletonised DTI metrics compared to their term-born peers, indicative 

of white matter dysmaturation. The advantage of the histogram-based framework is 

that it is computationally inexpensive and has high inter-scanner reproducibility, 

making it suitable for clinical settings and multi-centre studies (Blesa et al., 2020).  

 

2.1.2. Impact of perinatal factors on preterm brain development 
 

Several perinatal risk factors have been associated with atypical brain development 

and subsequent neurodevelopmental deficits in preterm infants. First of all, multiple 

studies have demonstrated that an increasing degree of prematurity is associated with 

smaller global and regional cerebral tissue volumes as well as decreased white matter 

maturation characterised by lower FA and higher MD values of white matter tracts on 

DTI (Anjari et al., 2009; Ball et al., 2010, 2012; Boardman et al., 2006; Inder et al., 

2005; Kidokoro et al., 2014; Limperopoulos et al., 2005; Partridge et al., 2004). 

Birthweight is strongly associated with preterm brain volume and microstructural 

integrity, with increasing values associated with greater global and regional cerebral 

volumes and more mature white matter (Alexander et al., 2019; Knickmeyer et al., 

2016; Matthews et al., 2018; Nguyen The Tich et al., 2011; Pogribna et al., 2013; 

Thompson et al., 2019a). Intrauterine growth restriction has also been associated with 

reduced total and regional brain volumes, and alterations in white matter 

microstructure and brain connectivity (Boardman & Counsell, 2020; S. L. Miller et al., 

2016). Moreover, sex also impacts white matter microstructure, as well as brain 

volumes, with males having larger global brain volumes than females (Alexander et 
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al., 2019; Dibble et al., 2021; Gilmore et al., 2007; Kersbergen et al., 2016; Matthews 

et al., 2018; Nguyen The Tich et al., 2011; Pogribna et al., 2013; Ruigrok et al., 2014; 

Thompson et al., 2007; Thompson et al., 2019a). 

 

Additional maternal and foetal factors that negatively affect the growth and white 

matter microstructural integrity of the developing brain include lack of antenatal 

steroids (Pogribna et al., 2013; Rogers et al., 2016), multiple birth (Alexander et al., 

2019; Thompson et al., 2019b), chorioamnionitis (Anblagan et al., 2016; Boardman & 

Counsell, 2020; Jain et al., 2022; Pogribna et al., 2013), prenatal alcohol and drug 

exposure (Boardman & Counsell, 2020; Donald et al., 2024; Taylor et al., 2015), 

maternal smoking during pregnancy (Boardman & Counsell, 2020; Ekblad et al., 

2015), maternal anxiety (Boardman & Counsell, 2020; Dean et al., 2018; Lautarescu 

et al., 2020), and socioeconomic deprivation (Benavente-Fernández et al., 2019; 

Betancourt et al., 2016; Boardman & Counsell, 2020; Ene et al., 2019; Jha et al., 2019; 

Knickmeyer et al., 2016; Lu et al., 2021; Thompson et al., 2019b; Triplett et al., 2022).  

 

In addition, several factors during the early postnatal period, including co-morbidities 

of prematurity and perinatal practices significantly affect preterm brain development. 

Factors that negatively impact brain growth and (Kidokoro et al., 2014; Thompson et 

al., 2007) white matter microstructure include white matter injury (Kidokoro et al., 2014; 

Pogribna et al., 2013; Thompson et al., 2007, 2008),  bronchopulmonary dysplasia 

(BPD) (Anjari et al., 2009; Ball et al., 2010; Boardman & Counsell, 2020; Inder et al., 

2005; Kidokoro et al., 2014; Thompson et al., 2007), Retinopathy Of Prematurity 

(ROP) (Glass et al., 2017; Sveinsdóttir et al., 2018), necrotizing enterocolitis (NEC) 

(Kidokoro et al., 2014; Matthews et al., 2018; Pogribna et al., 2013; Shah et al., 2008), 
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sepsis (Matthews et al., 2018), and treated patent ductus arteriosus (Kidokoro et al., 

2014; Rogers et al., 2016; Thompson et al., 2008). Perinatal practices that have been 

associated with reduced brain volumes and less mature white matter microstructure 

include prolonged mechanical ventilation (Boardman et al., 2007; Brouwer, 

Kersbergen, Van Kooij, et al., 2017; Guillot et al., 2020; Nguyen The Tich et al., 2011; 

Pogribna et al., 2013; Rogers et al., 2016) and parenteral nutrition (Brouwer, 

Kersbergen, Van Kooij, et al., 2017; Kidokoro et al., 2014), and exposure to postnatal 

corticosteroids (Kidokoro et al., 2014; Thompson et al., 2008). Finally, breast milk 

feeding during hospitalisation in the neonatal intensive care unit (NICU) is associated 

with improved white matter maturation and greater cerebral volumes following preterm 

birth (Belfort et al., 2016; Belfort & Inder, 2022; Blesa et al., 2019; Ottolini et al., 2020; 

Pogribna et al., 2013; J. Schneider et al., 2018; Sullivan et al., 2022). 

 

2.1.3. Altered brain development and neurodevelopmental outcomes following 

preterm birth 

 

The macrostructural and microstructural brain abnormalities identified using sMRI and 

dMRI, respectively, underlie the adverse neurodevelopmental outcomes observed 

following preterm birth. Multiple studies have demonstrated that altered global and 

regional cerebral volumes and changes in white matter microstructural integrity in 

preterm infants are associated with a range of short- and long-term 

neurodevelopmental deficits. Specifically, aberrant brain development following 

preterm birth has been associated with poor cognitive outcomes (Brouwer, 

Kersbergen, Van Kooij, et al., 2017; Counsell et al., 2008; Lind et al., 2011; Peterson 

et al., 2003; J. Rose et al., 2015; Young et al., 2015), intellectual disability and poor 
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academic performance (Loh et al., 2017), language deficits (Feldman et al., 2012; Lind 

et al., 2010), executive dysfunction (Lind et al., 2010; Woodward et al., 2005), adverse 

motor outcomes and cerebral palsy (Brouwer, Kersbergen, Van Kooij, et al., 2017; 

Counsell et al., 2008; Inder et al., 2005; Kim et al., 2016; Lind et al., 2010; Peterson 

et al., 2003; Rogers et al., 2016; J. Rose et al., 2015; Setänen et al., 2016), social-

emotional deficits (Rogers et al., 2016), as well as behaviour and attention problems 

(Murray et al., 2016).  

 

2.2. Language 
 

2.2.1. Language outcomes following preterm birth 
 

Atypical brain structure and function following preterm birth are associated with a 

range of adverse neurodevelopmental outcomes, including cognitive and language 

delays (Brouwer, Kersbergen, Van Kooij, et al., 2017; Counsell et al., 2008; Feldman 

et al., 2012; Kojima et al., 2024; Lind et al., 2010, 2011; Peterson et al., 2003; J. Rose 

et al., 2015; Young et al., 2015). Children born preterm are at a greater risk of language 

impairment compared to their term-born counterparts, both in early childhood and 

during their school years and adolescence (van Noort-van der Spek et al., 2012). 

Typically, language deficits are part of a broader cognitive delay, as language 

development depends on key cognitive functions, such as processing speed, memory, 

and attention (Hoff Esbjørn et al., 2006; Ortiz-Mantilla et al., 2008; Wolke et al., 2008). 

In turn, language problems can lead to long-term consequences, including poor 

academic performance, mental health issues, socio-emotional and behavioural 
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difficulties, and unemployment (Conti-Ramsden et al., 2013; Law et al., 2009), 

ultimately resulting in a lower quality of life. 

 

Multiple studies have shown that early childhood interventions – at the time of highest 

neural plasticity – can significantly improve language outcomes for children born 

preterm (Bailey et al., 2005; Khurana et al., 2020; Markkula et al., 2024; McManus et 

al., 2012; Orton et al., 2024; Vandormael et al., 2019). Strategies that have proven 

effective, have focused either on global cognitive development or specifically on 

language skills; typical examples include sensory stimulation through activities such 

as music and book reading, family-centred practices, interventions focusing on the 

parent-infant relationship, and social support services. This means that there is a 

critical window of opportunity to improve long-term outcomes for this vulnerable 

population. 

 

It is important to note, however, that not all children who are born preterm will develop 

language deficits. Several risk and resilience factors during the perinatal period 

significantly affect cognitive and language development following preterm birth (see 

section 2.1.2). Thus, it is crucial to identify which factors are predictive of future 

language development in order to timely detect which infants are at high risk of poor 

language development and who may benefit from targeted early interventions and 

support services. Nevertheless, to date, only few studies have focused on prediction 

of language development and thus, currently, there is a lack of clinical tools which 

accurately predict language outcomes following preterm birth (see section 2.2.2). 
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2.2.2. Current prediction tools of neurodevelopment following preterm birth 
 

Although multiple studies have investigated the associations between perinatal factors 

and neuroimaging findings with subsequent neurodevelopment, only few studies have 

developed tools for early prediction (i.e., during the perinatal period) of 

neurodevelopmental outcomes following preterm birth. Notably, to date, the majority 

of studies have not focused on specific developmental delays, but rather on prediction 

of global neurodevelopmental impairment, which is defined as a score below two 

standard deviations from the mean on standardised developmental tests, 

encompassing cognitive, language, and motor delays, as well as vision and hearing 

problems (BAPM, 2008). 

 

Tyson et al. (2008) investigated the predictive power of a range of clinical and 

demographic features of a cohort of 4,446 extremely preterm infants. They found that 

neurodevelopmental outcome at 18 to 22 months CGA was predicted by the 

combination of five perinatal features, including GA, birthweight, sex, exposure or non-

exposure to prenatal corticosteroids, and singleton or multiple birth (Area under the 

ROC Curve [AUC] of the developed model was 0.751, 95% Confidence Interval [CI] 

0.735 – 0.767). Ambalavanan et al. (2012) analysed data from a cohort of 13,085 

preterm infants and developed a multivariate regression model for prediction of 

neurodevelopmental impairment at 18 to 22 months CGA following preterm birth. Their 

model comprised sex, respiratory disease, and findings from cranial ultrasound, 

including enlarged ventricular size, periventricular leukomalacia, or porencephalic 

cysts (AUC = 0.74 – 0.80). Later, Vesoulis et al. (2018) developed a web-based tool 

for prediction of neurodevelopmental impairment at two years CGA (AUC = 0.85), by 
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analysing data from 154 preterm neonates born before 30 weeks of gestation. This 

tool comprised the following features: duration of ventilation, mode of delivery, 

exposure or non-exposure to antenatal corticosteroids, ROP requiring surgery, and 

sMRI findings at term-equivalent age, including cerebellar haemorrhage size, 

cerebellar haemorrhage laterality, intraventricular haemorrhage grade, and white 

matter injury. 

 

Nevertheless, deficits in different developmental domains require different targeted 

interventions and support services. Thus, tools for accurate prediction of impairment 

at specific developmental domains are valuable. Recently, Demirci et al. (2024) 

analysed data from 1,109 very preterm infants and used machine learning techniques 

to predict mental (cognitive/verbal) and motor impairment at two years CGA. They 

found that the most important perinatal predictors were birth year, GA, birth weight, 

intrauterine growth restriction, exposure to antenatal Magnesium Sulphate (MgSO4), 

duration of hospitalisation in the NICU, duration of intubation, atypical findings on 

cranial ultrasound, maternal age, and maternal education level. However, their models 

comprising only perinatal variables achieved a low balanced accuracy∗ of 62% and 

61% for mental and motor impairment, respectively. Combining perinatal and 

longitudinal data derived from 19-month follow-up neurodevelopmental assessments 

increased the performance of the models up to 72% and 73% for mental and motor 

impairment, respectively. However, this means that a more accurate prediction was 

only possible at the age of 19 months.  

 

 
∗ Refer to section 4.9.2 for definition of balanced accuracy. 
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Vassar et al. (2020) focused on language outcomes following preterm birth. They 

analysed near-term sMRI and DTI data from 92 very preterm neonates and developed 

a model for prediction of language delay at 18 to 22 months CGA. This model 

comprised DTI variables in three brain regions (right sagitta stratum MD, right lingual 

gyrus AD, and right inferior occipital gyrus MD) and achieved 89% sensitivity and 86% 

specificity. Finally, Ball et al. (2017) demonstrated that distinct alterations of cerebral 

macrostructure and microstructure in preterm infants are associated with specific 

clinical and environmental exposures, and these brain alterations are, in turn, 

associated with subsequent neurodevelopment. Specifically, language outcome at two 

years CGA was associated with a distinct neuroanatomic alteration, which was 

affected by a range of perinatal variables, including age at MRI scan, GA, birthweight, 

need for continuous positive airway pressure, mechanical ventilation, surfactant 

administration, and parenteral nutrition. 

 

2.3. Knowledge gaps 
 

As outlined in section 2.1.2, multiple studies have investigated the risk factors 

associated with total and regional brain volumes at term–equivalent age following 

preterm birth. While these studies have primarily used parametric methods for data 

analysis, the true relationship between the predictors and the response is often non-

linear. Consequently, parametric models may not provide an accurate representation 

of the underlying relationship. To date, no studies have applied non–parametric 

techniques to identify the combination of early life risk factors that accurately predict 

cerebral tissue volumes at term–equivalent age following preterm birth. 
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Furthermore, there are only a few prediction tools for neurodevelopmental impairment 

following preterm birth in the existing literature, with most focusing on composite 

neurodevelopmental outcomes. However, deficits in different developmental domains 

require different therapies and targeted interventions. In addition, no studies have 

combined data from different modalities to develop models for accurate prediction of 

neurodevelopmental outcomes following preterm birth. Thus, there is an urgent need 

to combine clinical, environmental, and imaging data to improve the prediction of 

adverse outcomes in specific developmental domains following preterm birth, 

including language outcomes. 
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CHAPTER 3: DATA ACQUISITION 
 

3.1. Study design 
 

This is a single–centre prospective longitudinal cohort study (Boardman et al., 2020). 

 

3.2. Study setting 
 

This study was conducted at the University of Edinburgh and the Simpson Centre for 

Reproductive Health, which is located at the Royal Infirmary of Edinburgh, NHS 

Lothian, United Kingdom (Boardman et al., 2020). 

 

3.3. Study participants 
 

We analysed data from two separate longitudinal cohorts: the Theirworld Edinburgh 

Birth Cohort (TEBC) and a pilot cohort. The TEBC (also referred to as the ‘phase II’ 

cohort) includes 300 preterm infants born before 33 completed weeks of gestation 

(based on first–trimester ultrasound) and 100 healthy term controls born after 37 

completed weeks of gestation at the Simpson Centre for Reproductive Health 

(Boardman et al., 2020). The pilot cohort (also referred to as the ‘phase I’ cohort) 

consists of 150 preterm neonates (≤ 33 weeks GA) and 40 term controls (≥ 37 weeks 

GA) born at the same health centre (Boardman et al., 2020). 

 

For the purposes of this work, we focused exclusively on the preterm participants of 

the phase I and phase II cohorts. Specifically, for our first objective of predicting global 
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and regional cerebral volumes following preterm birth, we used data from the phase II 

cohort (see Chapter 5), while for our second objective regarding the prediction of 

language outcomes at two years CGA, we analysed data from the phase I cohort (see 

Chapter 6). 

 

The exclusion criteria for the study comprised congenital anomalies, chromosomal 

abnormalities, congenital infections, major overt parenchymal lesions (cystic 

periventricular leukomalacia, haemorrhagic parenchymal infarction), and post–

haemorrhagic ventricular dilatation. Infants with contraindications to MRI at 3 Tesla, as 

well as those with excessive movement during MRI scans, were also excluded 

(Boardman et al., 2020). 

 

3.4. Clinical and sociodemographic data collection 
 

Data regarding pregnancy, birth, neonatal care, as well as sociodemographic 

characteristics were derived from the mothers’ and infants’ electronic medical records. 

Additional information not routinely recorded was obtained through structured 

maternal interviews (Boardman et al., 2020). Following delivery, placental 

histopathology was performed for all preterm infants, and data on pathological features 

of the placenta (e.g., chorioamnionitis) were recorded (Boardman et al., 2020). The 

selection of clinical and sociodemographic features that were included in our analyses 

was guided by existing literature linking biological and environmental exposures with 

brain development and neurodevelopmental outcomes following preterm birth (for 

more details, see Chapters 5 and 6). Table 3.1. presents the definitions of the features 

we have used in our subsequent analyses. 
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Table 3.1. Definitions of clinical and sociodemographic features 

Gestational age at birth Gestational age based on first trimester 

ultrasound 

Gestational age at MRI scan Gestational age at near-term MRI 

Birth weight Weight of infant at birth 

Birth weight z-score A measure of birth weight standardised 

for age and sex – standard deviation 

scores for birth weight 

Sex Sex of infant participant 

Intrauterine growth restriction Fetus’s weight below the 10th percentile 

for its gestational age 

Bronchopulmonary dysplasia Oxygen requirement at ≥36 weeks 

corrected gestational age 

Necrotizing enterocolitis Stages II or III based on the modified 

Bell’s staging 

Early-onset bacterial sepsis blood stream infection occurring within 

72 hours of birth with (a) bacterial 

pathogen isolated from blood culture, or 

(b) blood culture growing coagulase 

negative staphylococcus, along with one 

or more signs of generalised infection, 

and treatment with intravenous 

antibiotics for 5 or more days 
Late-onset bacterial sepsis blood stream infection occurring ≥72 

hours postnatally with (a) bacterial 

pathogen isolated from blood culture, or 

(b) blood culture growing coagulase 

negative staphylococcus, along with one 

or more signs of generalised infection, 

and treatment with intravenous 

antibiotics for 5 or more days 
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Retinopathy of prematurity Retinopathy of prematurity requiring 

laser therapy or anti-vascular endothelial 

growth factor treatment 

Duration of intubation Days requiring intubation whilst in the 

neonatal unit 

Duration of parenteral nutrition Days requiring parenteral nutrition whilst 

in the neonatal unit 

Breast milk exposure Number of days receiving maternal 

breast milk and/or donor breast milk 

Chorioamnionitis Evidence of inflammation of the 

membranes and chorion of the placenta 

based on placental histopathology 

Multiple birth Multiple pregnancy, e.g. twins, triplets 

Parity Number of pregnancies 

Mode of delivery Type of birth 

Maternal age Age of maternal participant 

Maternal Body Mass Index Mother’s Body Mass Index at booking 

Maternal smoking Smoking status at booking 

Maternal depression Medical history of maternal depression 

Maternal anxiety Medical history of maternal anxiety 

Antenatal corticosteroids Mother received steroids in antenatal 

period; any or a complete course define 

as two doses 24 hours apart 

Antenatal Magnesium sulphate Magnesium sulphate given to mother in 

the antenatal period 

Maternal education level Mother’s education level 

Scottish Index of Multiple Deprivation 
2016 (SIMD2016) 

SIMD2016 quintile based on the 

postcode of the participant’s current 

address 
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3.5. Bayley Scales of Infant and Toddler Development, Third edition 
 

In this study, preterm infants underwent neurodevelopmental assessment at two years 

CGA as part of standard NHS follow–up of children born prematurely. In the United 

Kingdom, the National Institute for Health and Care Excellence (NICE) recommends 

that all preterm children receive a comprehensive outcome evaluation between two to 

two and a half years CGA (National Guideline Alliance (UK), 2017). Significant 

developmental deficits can be identified reasonably well by the age of 18 to 24 months 

and are predictive of long–term impairments (BAPM, 2008; Breeman et al., 2015; 

Linsell et al., 2018). Hence, a developmental assessment at two years CGA is crucial 

for the detection of children who may benefit from early interventions, potentially 

improving future outcomes and quality of life for this vulnerable population. We need 

to note that it is recommended to use corrected age until the age of two years when 

assessing neurocognitive development in children born preterm (MacDonald & 

Seshia, 2015). 

 

In preschool children (i.e., those younger than three years old), intelligence cannot be 

measured directly. Hence, standardised instruments are used to assess 

developmental functioning rather than cognitive abilities in early childhood (Albers & 

Grieve, 2007; Piñon, 2010). In this study, the neurodevelopmental outcomes of 

preterm infants were assessed with the Bayley Scales of Infant and Toddler 

Development, Third Edition (Bayley–III) (Boardman et al., 2020), which is the most 

frequently used tool in both clinical and research settings for evaluating the general 

developmental level of children aged between one and 42 months (Albers & Grieve, 

2007).  
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The original Bayley Scales were developed in 1969 by psychologist Dr. Nancy Bayley 

and since then, they have undergone multiple revisions, with the third edition published 

in 2006. The Bayley–III consists of a series of developmental play tasks and takes 

around 45 to 60 minutes to administer (Albers & Grieve, 2007). Its goal is to identify 

delays in specific developmental domains and to guide appropriate interventions and 

support services. The Bayley–III assesses five key developmental domains through 

five distinct scales: (1) Cognitive, (2) Language, (3) Motor, (4) Social–Emotional, and 

(5) Adaptive Behaviour. 

 

The Cognitive Scale consists of 91 items that assess skills such as finding hidden 

objects, comparing masses, looking for a fallen object, and symbolic and pretend play. 

Several items in the Cognitive Scale aim to evaluate processing speed and problem–

solving abilities, which are essential skills of cognitive competence in children 

(Armstrong & Agazzi, 2010). 

 

The Language Scale comprises two subtests: the Receptive Communication and the 

Expressive Communication Scales. The Receptive Communication subtest consists 

of 49 items that assess the child’s ability to understand and respond to verbal stimuli. 

The Expressive Communication subtest contains 48 items that evaluate a child’s 

ability to communicate with others using verbal and non–verbal communication, such 

as gestures and facial expressions (Albers & Grieve, 2007; Crais, 2010). 

 

The Motor Scale comprises the Fine Motor and the Gross Motor subtests. The Fine 

Motor subtest, with 66 items, assesses fine motor skills, such as eye movements, early 

hand and finger movements, grasping patterns, bimanual coordination, prewriting 
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skills, controlled finger and hand movement, and stacking blocks. The Gross Motor 

subtest consists of 72 items which measure head and trunk control and movements, 

and motor planning (Albers & Grieve, 2007; Case-Smith & Alexander, 2010). 

 

The Social–Emotional Scale evaluates the social and emotional development of young 

children through 35 items which aim to assess children’s emotional signals and 

gestures, such as smiling, cooing or reaching out for a hug, in their everyday life. Thus, 

the scoring of the Scale relies solely on the information provided by a child’s parent or 

primary caregiver, since the examiner is interested in knowing what the child usually 

does, and not what a child is capable of doing (Albers & Grieve, 2007; Breinbauer et 

al., 2010). 

 

Finally, the Adaptive Behaviour Scale utilises the Parent / Primary Caregiver Form of 

the Adaptive Behaviour Assessment Scale – Second Edition (ABAS–II), which 

consists of 241 items (Oakland, 2011). It assesses the practical, social, and conceptual 

skills, which allow a child to adapt to the demands of everyday life, such as 

communicating basic needs, following rules and/or directions, crawling or walking to 

get to desired locations, toileting, washing hands or brushing teeth, using manners, 

getting along with others and recognizing emotions. This scale is completed by the 

child’s parent or primary caregiver (Harman & Smith-Bonahue, 2010). 

 

For each of the five scales, a composite score with a mean of 100 and a standard 

deviation of 15 is calculated, indicative of a child’s developmental status relative to the 

normative sample. Children with scores of one standard deviation below the mean in 

any of the five key domains are considered to have moderate–to–severe 
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neurodevelopmental delay (S. Johnson et al., 2014). In this study, we assessed 

language outcome at 2 years CGA in children born preterm using the Language Scale 

of the Bayley–III (see Chapter 6). Previous research has shown that the Cognitive and 

Language Scales of the Bayley–III can reliably predict long–term intellectual delay and 

language disorder in children born preterm (Bode et al., 2014; Torras-Mañá et al., 

2014). 

 

3.6. Brain MRI acquisition 
 

sMRI and dMRI scans were obtained at term–equivalent age (38 - 42 weeks GA). 

Infants underwent brain MRI scans without sedation, having been fed, swaddled, and 

allowed to sleep naturally in the scanner (Boardman et al., 2020). All neonates were 

provided with flexible earplugs and neonatal earmuffs (MiniMuffs, Natus) for hearing 

protection. Vital signs were monitored throughout the scan, and all procedures were 

supervised by a physician, or a paediatric nurse trained in neonatal resuscitation.  

 

For structural imaging, a Siemens MAGNETOM Prisma 3–Tesla MRI clinical scanner 

(Siemens Healthcare, Erlangen, Germany) and a 16–channel phased–array paediatric 

head receive coil were used to acquire a 3–dimensional T2–weighted sampling 

sequence with application–optimised contrasts by using flip angle evolution (SPACE) 

structural scanning (voxel size = 1 mm isotropic) with echo time = 409 ms and 

repetition time = 3200 ms. 

 

For dMRI, a Siemens MAGNETOM Verio 3–Tesla MRI clinical scanner (Siemens 

Healthcare, Erlangen, Germany) and a 12–channel phased–array paediatric head 
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receive coil were used. The dMRI data consisted of 11 T2–weighted and 64 diffusion–

weighted (b = 750 s/mm2) single–shot, spin–echo, echo planar imaging volumes 

collected in the axial plane with 2 mm isotropic voxels (repetition time = 7300 ms, echo 

time = 06 ms, field of view = 256 mm, acquired matrix = 128 × 128, 50 contiguous 

interleaved slices with 2 mm thickness, acquisition time = 9 min 29 s).  

 

3.7. Statement of consent 
 

Written informed consent from parents/carers was obtained for all neonates. 

 

3.8. Ethical approval 
 

Ethical approval was obtained from the UK National Research Ethics Service (NRES), 

South East Scotland Research Ethics Committee (NRES numbers 11/55/0061 and 

13/SS/0143 (phase I) and 16/SS/0154 (phase II)), and NHS Lothian Research and 

Development (2016/0255). 
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CHAPTER 4: METHODOLOGY FOR DATA ANALYSIS 
 

4.1. Conventional mathematical notation 
 

In the succeeding sections, the following conventional mathematical notation is used: 

lower-case letters represent scalars (e.g., x), bold lower-case letters represent vectors 

(e.g., 𝐱𝐱 and 𝐲𝐲), bold capital letters denote matrices (e.g., 𝐗𝐗), and capital letters in italics 

denote random variables (e.g., 𝑋𝑋). The subscript 𝑖𝑖 in the form 𝐱𝐱𝑖𝑖 indicates the 𝑖𝑖𝑡𝑡ℎ 

element of a vector, and the subscripts 𝑖𝑖𝑖𝑖 in the form 𝐗𝐗𝑖𝑖𝑖𝑖 indicate the 𝑖𝑖𝑡𝑡ℎ observation 

of the 𝑗𝑗𝑡𝑡ℎ feature of a matrix 𝐗𝐗.  We will use 𝑛𝑛 to represent the number of observations 

in a given dataset, and 𝑝𝑝 to indicate the number of explanatory variables. 

 

4.2. Introduction 
 

The term statistical learning refers to a set of techniques aimed at understanding data, 

exploring relationships between variables, and accurately predicting an outcome for 

future observations. Statistical learning may be supervised or unsupervised. 

Supervised statistical learning tools are used to estimate a response based on one or 

more explanatory variables. On the other hand, when the response is unknown, 

unsupervised learning techniques can be used to infer relationships between the 

variables or between the observations and understand the structure of the data 

(James et al., 2013). In this study, we focus primarily on supervised learning. 
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Suppose that we have 𝑝𝑝 explanatory variables, 𝑋𝑋1,𝑋𝑋2,𝑋𝑋3, … ,𝑋𝑋𝑝𝑝, each comprising 𝑛𝑛 

samples. Statistical learning tools aim at estimating the function  

 𝑓𝑓(𝐗𝐗) = 𝐲𝐲  (3.1) 

 

where 𝐲𝐲 is the response variable (i.e., a column vector) and 𝐗𝐗 is the design matrix 

comprising all 𝑝𝑝 explanatory variables, 𝑋𝑋1,𝑋𝑋2,𝑋𝑋3, … ,𝑋𝑋𝑝𝑝. The explanatory variables are 

also known as input variables, independent variables, features, or predictors. The 

response variable 𝐲𝐲 is also known as the output variable, outcome measurement (or 

simply outcome), or dependent variable. To avoid any confusion, in the remaining 

sections, we will use the terms feature and response to refer to the explanatory 

variables 𝑋𝑋1,𝑋𝑋2,𝑋𝑋3, … ,𝑋𝑋𝑝𝑝 and 𝐲𝐲, respectively. The function f is the prediction model or 

learner and aims to characterise the underlying relationship between the features 

summarised in the design matrix 𝐗𝐗 and the response 𝐲𝐲 and is generally unknown. Our 

goal is to determine the unknown function f by applying a statistical learning method 

to a training set (i.e., a dataset where both the features and the response are known), 

while a testing set (i.e., a dataset where only the features are known) is subsequently 

used to evaluate the performance of the prediction model. The statistical learning tools 

used for this task can be broadly placed into two distinct categories: parametric, and 

non-parametric (James et al., 2013). Parametric methods simplify the problem of 

estimating an entirely arbitrary function f by imposing a pre-specified structure on the 

functional form of f, thus limiting the problem of estimating f down to one of estimating 

a fixed set of parameters. Non-parametric methods do not impose any pre-specified 

structure and allow the data itself to determine the structural form of f.  If the response 

is continuous, determining f is known as a regression problem. If the response is 

discrete, determining f is referred to as a classification problem (James et al., 2013). 
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This chapter presents the methodology we have used for data analysis in supervised 

regression and classification settings and comprises the following core steps: (a) 

exploratory data analysis, (b) dimensionality reduction techniques, (c) statistical 

mapping, (d) model evaluation, and (e) model validation. We will analyse each of these 

steps further in the following sections. 

 

4.3. Exploratory data analysis 
 

The initial step in data analysis is data exploration in order to understand the data 

structure. We begin by visualizing the data and performing correlation analysis in order 

to quantify any statistical associations between the features and the response, as well 

as between the features. 

 

4.3.1. Data visualisation 
 

We begin our exploratory data analysis by producing graphs, which allow to identify 

outliers, trends, and patterns in the data. The type of plots we use depends on the type 

of the variables. We use bar charts to visualise nominal and ordinal data. For 

continuous variables, histograms and density plots can be used. Boxplots are used to 

plot both discrete and continuous variables. In addition to these plots, we draw 

scatterplots in order to visualise potential relationships between each feature and the 

response, or between the features.  
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4.3.2. Correlation analysis 
 

Scatterplots facilitate the visual assessment of the strength of the association between 

two variables. However, they do not provide us with a numeric measure of the strength 

of the association. In order to quantify the strength of the association between two 

variables, one approach is to use correlation coefficients.  There are several types of 

correlation coefficients, but the Pearson product-moment correlation coefficient, and 

the Spearman’s rank correlation coefficient are the most commonly used. The Pearson 

correlation coefficient (𝑟𝑟) (Benesty et al., 2009) is used to quantify the strength of the 

linear association between two numeric variables and is defined as the ratio between 

the covariance of two random variables and the square root of the product of their 

variances:  

 
𝑟𝑟 =  

𝑐𝑐𝑐𝑐𝑐𝑐(𝑋𝑋,𝑌𝑌)
�𝑣𝑣𝑣𝑣𝑣𝑣(𝑋𝑋)𝑣𝑣𝑣𝑣𝑣𝑣(𝑌𝑌)

  
(3.2) 

 

where 𝑋𝑋 and 𝑌𝑌 are two random variables, 𝑐𝑐𝑐𝑐𝑐𝑐 is the covariance, 𝑣𝑣𝑣𝑣𝑣𝑣(𝑋𝑋) is the variance 

of 𝑋𝑋, and 𝑣𝑣𝑣𝑣𝑣𝑣(𝑌𝑌) is the variance of 𝑌𝑌. 

 

If the variables do not follow a normal distribution or either or both of the variables are 

ordinal, we use the Spearman’s rank correlation coefficient (𝑟𝑟𝑠𝑠), which is effective in 

quantifying general monotonic relationships (Dodge, 2008; Spearman, 1904).  The 

Spearman’s rank correlation coefficient is defined as: 

 

 
𝑟𝑟𝑠𝑠 =  1 −  

6Σ𝑖𝑖=1𝑛𝑛 d𝑖𝑖2

𝑛𝑛(𝑛𝑛2 − 1) 
 

(3.3) 
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where d𝑖𝑖 is the difference between the ranked values of two random variables for the 

𝑖𝑖𝑡𝑡ℎ observation, 𝑖𝑖 ∈  {1, … ,𝑛𝑛}, and 𝑛𝑛 is the total number of observations. 

 

The phi-coefficient (φ) is used to quantify the strength of the association between two 

dichotomous variables (Allen, 2017; Kraska-MIller, 2013) and is defined as the square 

root of the ratio between the chi-square and the sample size: 

 

 
𝜑𝜑 =  �

𝑥𝑥2

𝑛𝑛
  

 
(3.4) 

 

where 𝑥𝑥2 is the computed chi-square statistic, and 𝑛𝑛 is the number of observations. 

For a matrix of 𝑛𝑛 x 𝑝𝑝 size, the chi-square statistic is calculated by the formula: 

 

 
𝑥𝑥𝑐𝑐2 = ��

(O𝑖𝑖𝑖𝑖 − E𝑖𝑖𝑖𝑖)2

E𝑖𝑖𝑖𝑖

𝑝𝑝

𝑗𝑗=1

𝑛𝑛

𝑖𝑖=1

 
 

(3.5) 

 

where 𝑐𝑐 is the degrees of freedom defined as  

 

 𝑑𝑑𝑑𝑑 = (𝑛𝑛 − 1)(𝑝𝑝 − 1), (3.6) 

 

O𝑖𝑖𝑖𝑖 corresponds to the observed cell frequencies, and E𝑖𝑖𝑖𝑖 corresponds to the expected 

cell frequencies which we would be observed if some null hypothesis is true (for more 

details about hypothesis testing, see section 4.9.2) and is given by the formula: 
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E𝑖𝑖𝑖𝑖 =  

𝑅𝑅𝑖𝑖C𝑗𝑗
𝑛𝑛

 (3.7) 

 

where 𝑅𝑅𝑖𝑖 is the 𝑖𝑖𝑡𝑡ℎ row marginal total, and C𝑗𝑗 is the 𝑗𝑗𝑡𝑡ℎ column marginal total. 

 

The point-biserial correlation coefficient (𝑟𝑟𝑝𝑝𝑝𝑝) is used to quantify the association 

between a continuous and a dichotomous variable (Kornbrot, 2014). Let us assume 

that we have a continuous variable 𝑋𝑋 and a dichotomous variable 𝑌𝑌 which takes on 

the values “0” (group “0”) and “1” (group “1”). Then, the point-biserial correlation 

coefficient is defined as: 

 

 
𝑟𝑟𝑝𝑝𝑝𝑝 =  

𝜇𝜇1 − 𝜇𝜇0 
𝑠𝑠𝑛𝑛

�
𝑛𝑛1𝑛𝑛0
𝑛𝑛2

   
 

(3.8) 

 

where 𝜇𝜇1 is the mean of the continuous variable 𝑋𝑋 for group “1”, 𝜇𝜇0 is the mean of the 

continuous variable 𝑋𝑋 for group “0”, 𝑠𝑠𝑛𝑛 is the standard deviation of the continuous 

variable 𝑋𝑋 for all observations, 𝑛𝑛1 is the number of observations in group “1”, 𝑛𝑛0 is the 

number of observations in group “0”, and 𝑛𝑛 is the total number of observations. 

 

The possible values of all the aforementioned correlation coefficients range from -1 to 

+1. The sign of the correlation coefficient denotes a positive or negative association 

between the two variables, and the magnitude corresponds to the strength of the 

correlation. The higher the magnitude, the stronger the statistical relationship between 

two variables is. Values close to +1 indicate a near perfect positive correlation, values 

close to zero indicate that there is no association between the two variables, and 

values close to -1 indicate a near perfect negative association, meaning that a 
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decrease in the value of one variable is associated with an increase in the value of the 

other variable. There is no universal guideline to determine when a bivariate 

relationship is statistically strong, as it depends on the application (Cohen et al., 2002). 

In this study, we consider that an absolute value of a correlation coefficient > 0.3 

corresponds to a statistically strong association, in accordance to similar studies in 

clinical contexts (Meyer et al., 2001; Tsanas et al., 2013).  

 

4.4. Statistical hypothesis testing 
 
 
The statistical hypothesis testing procedure comprises the following steps: 

• The null hypothesis and the alternative hypothesis are defined. In this case, the 

null hypothesis indicates that there is no difference in the performance between 

the two models, whereas the alternative hypothesis states that there exists a 

difference between the two models. 

• The level of significance, α, is determined. In this study, we have used the 

commonly accepted value of α=0.05. 

• Identification of the appropriate statistical hypothesis test and calculation of the 

test statistic and associated p-value.  

• Reject or fail to reject the null hypothesis. If the computed p-value is less than 

the pre-specified level of significance, there is sufficient evidence to reject the 

null hypothesis. In contrast, if the p-value is equal to or greater than the 

significance level, we conclude that there is insufficient evidence to reject the 

null hypothesis. 

• Interpretation of the results. 
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In this section, we will briefly describe the statistical hypothesis tests we have used in 

this study.  

 

4.4.1. Paired t – test 
 

A paired t–test is used to assess whether the difference between the means of two 

paired measurements is equal to zero (Ross & Willson, 2017). The underlying 

assumption is that the differences between the pairs of measurements must be 

normally distributed. In the context of model validation, the null hypothesis for the 

paired t–test is that the mean difference of the errors of the two models (i.e., the trained 

and the naïve, or two trained machine learning models) equals zero. The alternative 

hypothesis is that the mean difference of the errors of the two models does not equal 

zero. The t-statistic of the paired t-test is given by the formula: 

 

 𝑡𝑡 =
𝑥̅𝑥

�𝜎𝜎�2 �1
𝑛𝑛�

  
(3.36) 

 

where 𝑥̅𝑥 = 1
𝑛𝑛
∑ x𝑖𝑖𝑛𝑛
𝑖𝑖=1  is the sample mean (mean difference) and 𝜎𝜎�2 = � 1

𝑛𝑛−1
∑ (x𝑖𝑖 − 𝑥̅𝑥)2𝑛𝑛
𝑖𝑖=1  

is the sample standard deviation (𝑛𝑛 denotes the total sample size). Under the null 

hypothesis, the 𝑡𝑡-statistic follows the 𝑡𝑡-distribution with 𝑛𝑛-1 degrees of freedom. The 

corresponding p-value for the 𝑡𝑡-statistic can be calculated as the cumulative probability 

Pr (𝑇𝑇 > |𝑡𝑡|) for a variable 𝑇𝑇 that follows a 𝑡𝑡-distribution with 𝑛𝑛-1 degrees of freedom. 

The means of the errors of the two models are considered to be statistically 

significantly different if the p-value is less than the chosen alpha value of 0.05. 
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4.4.2. Wilcoxon signed – rank test 
 

The Wilcoxon signed-rank test is the non-parametric alternative test to the paired t–

test (Wilcoxon, 1945), performed when the differences between the pairs of 

measurements do not follow the normal distribution. The null hypothesis for this test is 

that the median difference is equal to zero, and the alternative hypothesis is that the 

median difference is not equal to zero. To compute the test statistic, first, the 

differences between the paired data samples are computed, and then the absolute 

values of the difference scores are ranked in increasing order, excluding any difference 

scores that are equal to zero. When there are tied scores present in the data, the 

average of the ranks involved is assigned to all scores tied for a given rank. Next, the 

sum of the ranks of the positive differences and the sum of the ranks of the negative 

differences are calculated. Finally, the absolute value of the minimum of the two sums 

of ranks is defined as the test statistic. The null hypothesis is rejected if the associated 

p-value is less than 0.05. 

 

4.5. Curse of dimensionality 
 

A problem that often arises, in both regression and classification problems, when we 

analyse high dimensional data (i.e. datasets with a large number of features / 

dimensions) is the curse of dimensionality (Bellman, 1966); given that there is only a 

finite number of available samples, as the dimensions of the feature space increase, 

the data become sparse making it difficult to prove a result statistically significant 

(Hastie et al., 2009). Prediction performance can be improved by reducing the number 

of dimensions of the feature space, a process that is called dimensionality reduction. 

Dimensionality reduction techniques can be divided into two main categories: feature 
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transformation and feature selection. Feature transformation aims at finding a low-

dimensional representation of the original dataset, while feature selection refers to the 

process by which only a subset of the features from the original feature space is 

selected to build a learning model (Guyon & Elisseeff, 2003).  In this study, our aim is 

to build a statistical model which accurately predicts the response while selecting a 

small feature set, hence improving model interpretability, and potentially reducing the 

prediction error. For that purpose, we use a number of feature selection methods which 

we will describe in the following sections. 
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4.6. Feature selection methods 
 

Feature selection aims at reducing dimensionality by retaining only a subset of the 

features from the original feature space while irrelevant or redundant features are 

discarded. Feature selection techniques can be broadly placed into three main 

categories: wrapper, embedded and filter methods, based on the way the feature 

selection search is combined with the development of the prediction model (Guyon & 

Elisseeff, 2003; Hira & Gillies, 2015; Saeys et al., 2007). Wrapper methods take a 

particular machine learning method into account in order to choose the best subset of 

the original features. They evaluate multiple models by training and testing in the 

feature space. This means that wrappers are computationally inefficient, although they 

often provide the best results and optimise the performance of the particular machine 

learning model that was used (Hira & Gillies, 2015; Saeys et al., 2007). Embedded 

methods attempt to determine the best performing subset of features while the 

learning model is being constructed (Hira & Gillies, 2015; Saeys et al., 2007). This 

means that the resulting feature subset is specific to a particular learning algorithm, as 

in wrapper methods. However, embedded techniques are computationally more 

efficient than wrapper methods. Filter techniques work independently of a predictive 

model operating only at the intrinsic properties of the data, and thus provide a more 

general subset of features not tuned for a specific learning algorithm, which can be a 

disadvantage. Filters assess features based on some criterion, such as correlation 

coefficients or other statistical properties, and once the best performing feature subset 

has been determined, different prediction models can be evaluated. Filter methods are 

usually (but now always) computationally efficient and faster than both wrapper and 

embedded methods (Hira & Gillies, 2015; Saeys et al., 2007; Tsanas, 2022). In the 
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following sections, we present a summary of the feature selection algorithms we have 

used in this study. 

 

4.6.1. Least Absolute Shrinkage and Selection Operator (LASSO) 
 

The Least Absolute Shrinkage and Selection Operator (LASSO) (Tibshirani, 1996) is 

an example of an embedded feature selection technique. It is a shrinkage method that 

can be used for feature selection and shrinkage in linear regression models (Hastie et 

al., 2009); it shrinks the regression coefficients towards zero and thus performs feature 

selection. The LASSO uses the L1 penalty, which is equal to the sum of the absolute 

values of the coefficients, in order to regularise the magnitude of the coefficient 

estimates. Specifically, the LASSO coefficients 𝛽𝛽0,𝛽𝛽1, … ,𝛽𝛽𝑝𝑝 are the values that 

minimise the quantity 

 

 
��y𝑖𝑖 − 𝛽𝛽0 −  �𝛽𝛽𝑗𝑗𝐗𝐗𝑖𝑖𝑖𝑖

𝑝𝑝

𝑗𝑗=1

�

2

+ 𝜆𝜆��𝛽𝛽𝑗𝑗� = RSS + 𝜆𝜆��𝛽𝛽𝑗𝑗� 
𝑝𝑝

𝑗𝑗=1

𝑝𝑝

𝑗𝑗=1

𝑛𝑛

𝑖𝑖=1

 
 

(3.9) 

 

where 𝑛𝑛 is the number of observations, 𝑝𝑝 is the number of features, y𝑖𝑖 is the value of 

the response for the 𝑖𝑖𝑡𝑡ℎ observation, 𝛽𝛽0 is the intercept, 𝛽𝛽𝑗𝑗 is the 𝑗𝑗𝑡𝑡ℎ regression 

coefficient, 𝐗𝐗𝑖𝑖𝑖𝑖  denotes the 𝑖𝑖𝑡𝑡ℎ value of the 𝑗𝑗𝑡𝑡ℎ feature (𝑗𝑗 ∈ {1, … ,𝑝𝑝}) belonging to the 

matrix 𝐗𝐗, RSS is the Residual Sum of Squares* and 𝜆𝜆 ≥ 0 is a regularisation parameter. 

Typically, we do not penalise the intercept 𝛽𝛽0. The regularisation parameter 𝜆𝜆 in 

equation 3.9 controls the relative impact of the RSS and the L1 penalty on the 

regression coefficients. When 𝜆𝜆 is equal to zero, the L1 penalty has no effect, but as 

 
* For definition of the RSS, see section 4.7.3. 
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the value of 𝜆𝜆 increases, the impact of the L1 penalty grows, forcing some of the 

coefficients to become exactly equal to zero (thus reducing the number of features), 

and at very large values of λ all coefficients will actually shrink to zero. As a result, the 

LASSO is able to yield sparse models (i.e. models comprising only a subset of 

features), serving as an embedded feature selection technique (James et al., 2013; 

Tibshirani, 1996). 

 

4.6.2. Random forests feature importance 
 

Random Forests (RF) feature importance is another example of an embedded feature 

selection method. When we use RF (see section 4.8.3) for regression and 

classification, it is possible to measure the importance or contribution of each feature 

in predicting the response. At each split in each tree, the improvement (i.e., the amount 

of reduction) in the split – criterion (i.e., the RSS* in regression settings, or the Gini 

index in classification settings) is the importance measure attributed to the splitting 

variable and is accumulated over all the trees in the forest for each feature. Thus, we 

can obtain an overall summary of the importance of each feature. In the case of 

regression models, we measure the total amount that the RSS is decreased due to 

splits over a given feature, averaged over all trees. A large value denotes an important 

feature. Similarly, in the context of classification models, we can measure the total 

amount that the Gini index is decreased by splits over a given feature, averaged over 

all trees. Again, a large value indicates a predictive feature within this statistical 

learning mechanism (Hastie et al., 2009; James et al., 2013).  

  

 
* See section 4.8.3. 
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4.6.3. Boruta 
 

The Boruta algorithm is a wrapper feature selection technique built around the RF 

learner and works for both regression and classification problems. Boruta uses 

permutation importance calculated by RF to evaluate the predictive importance of the 

features. In this case, RF make use of the out-of-bag observations (i.e., the 

observations not used – due to bootstrap sampling – to fit a given decision tree when 

constructing a RF model). Suppose that we have 𝑝𝑝 features, 𝑋𝑋1,𝑋𝑋2,𝑋𝑋3, … ,𝑋𝑋𝑝𝑝, each 

comprising 𝑛𝑛 samples. When a decision tree is grown, the out-of-bag observations are 

passed down the tree and the out-of-bag prediction error is obtained. Subsequently, 

the values of the feature 𝑋𝑋𝑗𝑗 (𝑗𝑗 ∈ {1, … ,𝑝𝑝}) are randomly permuted in the out-of-bag 

observations, and these shuffled feature values are again passed down the tree and 

the resulting prediction error is recorded. The increase of the model’s prediction error 

(i.e., the difference between the original out-of-bag prediction error and the prediction 

error obtained after random permutation) as a result of shuffling the values of the 𝑋𝑋𝑗𝑗 

feature is averaged over all trees, and corresponds to the importance attributed to the 

𝑋𝑋𝑗𝑗 feature in the RF. The standard deviation of the prediction error is also calculated. 

The Boruta algorithm uses Z score as the importance measure. In other words, it 

measures the importance of each feature by dividing the mean increase of the model’s 

prediction error attributable to the feature by the standard deviation of the prediction 

error. However, the Z score is not directly related to the statistical significance of the 

feature importance returned by the RF learner since its distribution is not 𝒩𝒩(0,1). 

Hence, the Boruta algorithm solves this problem by creating copies which are called 

shadow features for each original feature of the feature set, whose values are obtained 

by random permutation of the values of the original features so as to remove their 



Methodology for data analysis 

  42 

correlations with the response variable. Subsequently, it builds a RF prediction model 

using all features (i.e., the original features and the shadow features) and evaluates 

the importance of all the features. After that, the Z score for each feature is calculated 

and then the Maximum Z score among the Shadow Attributes (MZSA) is identified. 

Among the original features, the ones which have importance significantly higher than 

the MZSA are deemed as important, and the rest are considered redundant and are 

permanently removed from the procedure. The process is repeated for a prespecified 

number of iterations (i.e., prespecified number of trees). The shadow features are 

subsequently discarded and the final ranked order of the original features is computed 

based on their Z scores (Kursa & Rudnicki, 2010). In summary, the Boruta algorithm 

comprises the following steps: 

1. Extension of the original dataset by creating copies (shadow features) for each 

original feature. 

2. Random permutation of the values of shadow features so that correlations with 

the response are removed. 

3. The datasets of the original and shadow features are merged. 

4. Training of a RF learner using the extended dataset and calculation of the Z 

scores for all features (i.e., original and shadow). 

5. The MZSA is computed. 

6. The original features which have importance significantly higher than MZSA are 

deemed as important. 

7. The original features which have importance significantly lower than MZSA are 

eliminated. 

8. All shadow features are discarded. 
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9. The above steps are repeated until importance is assigned to all original 

features, or the algorithm has reached a prespecified number of RF iterations. 

 

4.6.4. ReliefF and Regressional ReliefF 
 

Relief is a filter feature selection method which was developed by Kira and Rendell in 

1992 specifically for binary classification problems including categorical and/or 

numeric features (Kira & Rendell, 1992). Later, in 1994, Kononenko proposed an 

extension of the Relief algorithm, ReliefF (Kononenko, 1994; Robnik-Šikonja & 

Kononenko, 2003), a more robust algorithm which can also be applied to multi-class 

classification problems and can deal with incomplete and noisy data. In 1997, ReliefF 

was further adapted to deal with regression problems and was called Regressional 

ReliefF (RReliefF) (Robnik-Sikonja & Kononenko, 1997; Robnik-Šikonja & 

Kononenko, 2003).  The basic idea of the Relief algorithm is to assign a weight value 

to all features of a dataset based on how well their values distinguish between the 

samples that are near to each other and thus, how useful they are in predicting the 

response variable. The important features will have a large weight, while the redundant 

ones will have a low weight. For each feature vector belonging to one random 

observation, Relief searches for its two nearest (by Euclidean distance) feature 

vectors; the closest observation that belongs to the same class is called “nearest hit”, 

while the closest observation belonging to a different class is called “nearest miss”. A 

feature will be assigned a large weight value if it differs from its nearest neighbour of 

a different class more than it does from its neighbour of the same class. Similarly, a 

feature will be assigned a low weight value if it differs from its nearest neighbour of the 

same class more than it differs from its neighbour of a different class. The process is 
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repeated for 𝑚𝑚 times, where 𝑚𝑚 is a parameter determined by the user. Starting with a 

𝑝𝑝-dimensional weight vector of zeros, which is updated in each iteration (𝑚𝑚 total 

iterations), the weight assigned to a feature X (𝑊𝑊[X]) is defined as: 

 

 
𝑊𝑊[X] ∶= 𝑊𝑊[X] −  

𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑(X, 𝐫𝐫i,𝐡𝐡)
𝑚𝑚

+ 
𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑(X, 𝐫𝐫i,𝐦𝐦)

𝑚𝑚
  

 
(3.10) 

 

where ri is a randomly selected sample represented by a vector of 𝑝𝑝 feature values for 

𝑖𝑖 ∈  {1, …,𝑚𝑚}, h is the nearest hit (a vector of 𝑝𝑝 feature values), m is the nearest miss 

(a vector of 𝑝𝑝 feature values), and 𝑚𝑚 is a user-defined parameter. The function diff 

calculates the difference between the values of a feature for two samples; let us 

assume we have two random samples 𝐚𝐚, and 𝐛𝐛, where each is represented by a 𝑝𝑝-

dimensional vector, then the difference between the values of a feature 𝑋𝑋 is defined 

as: 

 

if 𝑋𝑋 is categorical: 

 

 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑( ax, bx) =  � 0; ax and bx are equal
1; ax and bx are different  

 
(3.11) 

 

if 𝑋𝑋 is numeric:  

 

 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑(ax, bx) =  
|ax −  bx|

max(X) − min(X)
  

(3.12) 

 

where ax is the value of feature 𝑋𝑋 for 𝐚𝐚 and bx is the value of feature 𝑋𝑋 for 𝐛𝐛. 
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The main difference between the original Relief and its extension ReliefF is that the 

latter searches for 𝑘𝑘 nearest hits and misses and averages their contribution to the 

weight of each feature. Selection of 𝑘𝑘 nearest hits and misses, instead of one nearest 

hit and miss, renders the algorithm less sensitive to noisy data. The parameter 𝑘𝑘 is 

defined by the user, but usually a value of 𝑘𝑘 = 10 works well for most applications 

(Kononenko, 1994; Robnik-Šikonja & Kononenko, 2003). In regression, nearest hits 

and misses cannot be used, but similar to ReliefF, for a random instance, RReliefF 

searches for its 𝑘𝑘 nearest neighbours and assigns a large weight to the features whose 

values are different between instances with different response values, and a low 

weight to the features whose values are different between instances with the same 

response values. There are various feature evaluation measures that ReliefF and 

RReliefF can use, and which can be determined by the user. In this study, we will 

explore three different feature evaluation measures; “equalK” where 𝑘𝑘 nearest 

instances have equal weight, “expRank” where 𝑘𝑘 nearest instances have weight 

exponentially decreasing with increasing rank (rank of nearest instance is determined 

by the increasing distance from the selected instance), and “bestK” where all possible 

𝑘𝑘 nearest instances are tested and for each feature the highest score is returned 

(nearest instances have equal weights). 

 

4.7. Voting scheme: defining the final feature subset 
 

First of all, we need to note that it would be wrong to determine the final feature subset 

on the basis of all of the samples, and then use these features to test the performance 

of the prediction model on a test set, using for example cross-validation (see section 

4.9.1), since the selected features will “have already seen” the test samples and hence 
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this will result in data leakage. Instead, the subset of the best features should be 

determined using cross-validation; the test samples must be “left out” before any 

feature selection algorithm is applied to the dataset (Hastie et al., 2009).  

 

The feature selection algorithms described in the preceding sections, except for the 

LASSO, aim at ranking the features of a given dataset based on their contribution 

towards prediction of the response variable. Ideally, when using cross-validation, at 

the end of each iteration for any given feature selection algorithm, we would obtain the 

same order of ranked features which would clearly indicate which feature subset 

should be selected to train the machine learning model. However, in practice, the order 

of ranked features may be different at the end of each iteration for any given feature 

selection algorithm. Thus, in order to select the final feature subset, we follow the 

process described by Tsanas et al. in 2012 (Tsanas et al., 2012) and further refined 

and extensively used for feature selection algorithmic comparisons in Tsanas 2022 

(Tsanas, 2022).  

 

Specifically, for a given feature selection algorithm, when using cross-validation, at the 

end of each iteration, we obtain a vector of the ordered sequence of the indices of the 

features, where the first feature is considered to be the most important one, and the 

last feature corresponds to the least important one. We store these vectors in a matrix 

of 𝑛𝑛 x 𝑝𝑝 size. This way, in each of the rows of the matrix we have stored the feature 

subset selected at the end of each iteration. For example, the feature index in cell [1,1] 

corresponds to the most important feature generated from the first iteration, and the 

cell [17,4] contains the index of the fourth best feature generated from the seventeenth 

iteration. Subsequently, we apply the following voting scheme in order to obtain the 
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final feature subset for a given feature selection algorithm. First, we need to identify 

the feature index which has most frequently been ranked as first (i.e., most important) 

across all iterations, then we need to identify which feature appears most frequently 

as second or third and so on. In case a feature index has already been included in the 

final subset and is later found again as most frequent, we need to select the second 

most frequent and so on. Ties are resolved by including the lowest index number. The 

LASSO, however, does not rank the features from the most important to the least 

important one, but it may remove features in subsequent steps during its incremental 

feature selection search. Therefore, for LASSO, we need to obtain its regularisation 

path (i.e., the coefficient estimates for different values of the regularisation parameter 

𝜆𝜆) before we proceed with the voting scheme we have described above. 

 

In the end, we obtain a vector which consists of feature indices ordered from the most 

important to the least important one, for a given feature selection algorithm. These 

features are then used to train the learner one by one (i.e., we first train the model with 

the most important feature, then with the two top – ranked features etc.). Therefore, 

we can calculate the performance of the model as a function of the number of features 

used, which are progressively inserted into the statistical learner. Following the 

principle of parsimony, we choose to keep the statistical model which has the greatest 

predictive power with the fewest possible features. 
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4.8. Statistical mapping 
 

As we have previously discussed, statistical learning tools are divided into two main 

groups: parametric, and non-parametric. The main advantage of parametric methods, 

which impose a pre-specified structure on the functional form of 𝑓𝑓, is that they are 

generally easy to interpret. However, by imposing a functional form structure a priori 

that may be too far from the true form of 𝑓𝑓, will potentially lead to false interpretation 

of the properties of the data. On the other hand, non-parametric methods allow the 

data to determine the structure of the form of 𝑓𝑓 (James et al., 2013). By avoiding 

imposing any pre-specified structure, non-parametric methods can fit a wider range of 

possible forms for 𝑓𝑓, compared to parametric methods. Nevertheless, non-parametric 

methods typically require far more data samples than parametric approaches in order 

to accurately estimate 𝑓𝑓 (Breiman, 2001; James et al., 2013). In the following sections, 

we will present a summary of the parametric and non-parametric methods we have 

used in this study. 

 

4.8.1. Multivariate linear regression 
 

Linear regression is a parametric machine learning algorithm used to model the 

relationship between a continuous response and a number of features which may be 

continuous, discrete, or categorical. The linear regression model assumes that the true 

relationship between the features and the response is approximately linear or that the 

linear model is a reasonable approximation for the data. Linear regression reduces the 

problem of estimating an entirely arbitrary function 𝑓𝑓 down to one of estimating a finite 

number of parameters or coefficients (Hastie et al., 2009; James et al., 2013; A. 

Schneider et al., 2010). The formula of the multiple linear regression model is: 
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𝑓𝑓(𝐗𝐗) = 𝛽𝛽0 + �𝛸𝛸𝑗𝑗𝛽𝛽𝑗𝑗

𝑝𝑝

𝑗𝑗=1

+ 𝜀𝜀 
 

(3.13) 

 

where 𝐗𝐗 is a design matrix comprising all 𝑝𝑝 features 𝑋𝑋1,𝑋𝑋2,𝑋𝑋3, … ,𝑋𝑋𝑝𝑝, 𝛸𝛸𝑗𝑗 is the 𝑗𝑗𝑡𝑡ℎ 

feature (𝑗𝑗 ∈  {1, … ,𝑝𝑝}, 𝛽𝛽0 is the intercept of the linear model, and 𝛽𝛽𝑗𝑗 denotes the slope 

terms of the linear model. The intercept and the slope terms together are the model 

parameters or coefficients and are generally unknown. In the linear regression 

formula, 𝜀𝜀 is a random error term which is assumed to be independent of the features 

in 𝐗𝐗, with mean equal to zero and constant variance 𝜎𝜎2. The error term 𝜀𝜀 is a value 

which indicates what we may be missing with the linear regression model (e.g., 

measurement errors, unknown variables that influence the response).  

 

We need to note that the linear regression model is linear in the coefficients. In order 

to estimate the regression coefficients, we need to fit the linear regression model on 

the available training set. The goal is to obtain coefficient estimates such that the linear 

model fits the available data well, meaning that the resulting line should be as close 

as possible to the observed data points. There are a number of methods for measuring 

closeness. The most common approach in estimating the coefficients involves 

minimizing the least squares criterion (James et al., 2013). Let us assume that y𝑖𝑖 is 

the observed response value for the 𝑖𝑖𝑡𝑡ℎ observation, and ŷ𝑖𝑖 is the estimated response 

value from the linear model for the 𝑖𝑖𝑡𝑡ℎ observation, 𝑖𝑖 ∈  {1, … , 𝑛𝑛}, 𝑛𝑛 being the total 

number of observations. Then e𝑖𝑖  =  y𝑖𝑖  – ŷ𝑖𝑖  represents the 𝑖𝑖𝑡𝑡ℎ  residual (or error). The 

residuals are exactly the vertical distance between the observed data point and the 

associated point on the regression line. Thus, the least squares approach estimates 
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the coefficients 𝛽𝛽0,𝛽𝛽1,𝛽𝛽2, … ,𝛽𝛽𝑝𝑝 using the values that minimise the RSS, which is 

defined as: 

 

𝑅𝑅𝑅𝑅𝑅𝑅 =  � e𝑖𝑖2
𝑛𝑛

𝑖𝑖=1

 

 

                             =  �(y𝑖𝑖 − 𝑓𝑓(𝐱𝐱𝑖𝑖))2
𝑛𝑛

𝑖𝑖=1

 

 

 
=  �(y𝑖𝑖 −  𝛽𝛽0 −  �𝚾𝚾𝑖𝑖𝑖𝑖𝛽𝛽𝑗𝑗

𝑝𝑝

𝑗𝑗=1

)2
𝑛𝑛

𝑖𝑖=1

 
 

(3.14) 

 

An alternative approach for fitting a linear regression model is the LASSO, which we 

have described in section 4.5.1.  

 

Before fitting a linear model to a training set, there are five basic assumptions that 

need to be met (Poole & O’Farrell, 1971): 

• Independence: the residuals of the linear regression model are assumed to be 

independent and identically distributed. 

• Linearity: there is a linear relationship between the response and the features. 

• Normality: the residuals of the model follow the normal distribution. 

• Homoscedasticity: the residuals have a constant variance σ2; the variances of 

the residuals are constant along the values of the response. 

• Absence of multicollinearity: the features in a linear regression model should 

not be correlated with each other. 
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4.8.2. Multivariate logistic regression 
 

Logistic regression is a parametric method used in classification settings to describe 

the relationship between a discrete response and one or more features which may be 

quantitative or qualitative. Logistic regression can be used for binary and multi-class 

classification problems, but in practice, it is mainly used for binary outcomes. For 

simplification purposes, we will assume that the response 𝐲𝐲 is binary, taking the 

generic 0/1 coding. The key concept is that logistic regression models the probability 

that the response belongs to a particular category as a function of the 𝑝𝑝 features of a 

matrix 𝐗𝐗 of size 𝑛𝑛 x 𝑝𝑝, and this constitutes the basis for making the classification (Hastie 

et al., 2009; James et al., 2013). We model the probability that y𝑖𝑖 = 1, 𝑖𝑖 ∈ {1, . . ,𝑛𝑛}, that 

is 𝑝𝑝(𝐗𝐗) = Pr(y=1| 𝐗𝐗), using the logistic function: 

 

 
𝑝𝑝(𝐗𝐗) =

𝑒𝑒𝛽𝛽0+𝛽𝛽1𝛸𝛸1+⋯+𝛽𝛽𝑝𝑝𝑋𝑋𝑝𝑝

1 +  𝑒𝑒𝛽𝛽0+𝛽𝛽1𝛸𝛸1+⋯+𝛽𝛽𝑝𝑝𝑋𝑋𝑝𝑝
 

 

(3.15) 

 

The odds that y𝑖𝑖 equals 1 is given by the formula: 

 

 𝑝𝑝(𝐗𝐗)
1 − 𝑝𝑝(𝐗𝐗) =  𝑒𝑒𝛽𝛽0+𝛽𝛽1𝛸𝛸1+⋯+𝛽𝛽𝑝𝑝𝑋𝑋𝑝𝑝 

 

(3.16) 

 

If we take the logarithm of both sides, we get the log-dds or logit: 

 

 
𝑙𝑙𝑙𝑙𝑙𝑙 �

𝑝𝑝(𝐗𝐗)
1 − 𝑝𝑝(𝐗𝐗)� =  𝛽𝛽0 + 𝛽𝛽1𝛸𝛸1 + ⋯+  𝛽𝛽𝑝𝑝𝑋𝑋𝑝𝑝 

 

(3.17) 
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we see that the logistic regression model has a logit that is linear in the features 

𝑋𝑋1,𝑋𝑋2,𝑋𝑋3, … ,𝑋𝑋𝑝𝑝. The 𝛽𝛽0, 𝛽𝛽1, …, 𝛽𝛽𝑝𝑝 are the regression coefficients. The most common 

approach in estimating the coefficients is maximum likelihood estimation. Maximum 

likelihood seeks estimates for the coefficients such that the predicted probabilities that 

the response equals one of two categories correspond as closely as possible to the 

true category. In other words, maximum likelihood estimates the coefficients 𝛽𝛽0, 𝛽𝛽1, …, 

𝛽𝛽𝑝𝑝 using the values that maximise the likelihood function: 

 

 𝑙𝑙(𝛃𝛃) =  � 𝑝𝑝(𝐱𝐱𝑖𝑖)
𝑖𝑖:𝑦𝑦𝑖𝑖=1

� (1 − 𝑝𝑝(𝐱𝐱𝑖𝑖′))
𝑖𝑖′:𝑦𝑦𝑖𝑖′=0

  
(3.18) 

 

where 𝛃𝛃 is a vector comprising the regression coefficients 𝛽𝛽0, 𝛽𝛽1, …, 𝛽𝛽𝑝𝑝, and 𝐱𝐱𝑖𝑖 is the 

feature vector for the 𝑖𝑖𝑡𝑡ℎ  observation. The maximum log-likelihood for a binary 

response is given by the equation: 

 

 
          𝑙𝑙(𝛃𝛃) =  ��y𝑖𝑖log �

𝑝𝑝(𝐗𝐗)
1 − 𝑝𝑝(𝐗𝐗)

� + (1 −  y𝑖𝑖)log (1 − 𝑝𝑝(𝐗𝐗))�
𝑛𝑛

𝑖𝑖=1

     

 

                    =  ��y𝑖𝑖�𝛽𝛽0 + 𝛽𝛽1𝛸𝛸1 + ⋯+  𝛽𝛽𝑝𝑝𝑋𝑋𝑝𝑝� − log (1 +  𝑒𝑒𝛽𝛽0+𝛽𝛽1𝛸𝛸1+⋯+𝛽𝛽𝑝𝑝𝑋𝑋𝑝𝑝  )�
𝑛𝑛

𝑖𝑖=1

 

 
 
 

 
(3.19) 

 

Before conducting logistic regression, there are some key assumptions that need to 

be met (Tabachnick & Fidell, 2007): 

• Independence: the residuals of the logistic regression model are assumed to 

be independent of each other. 
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• Linearity: logistic regression assumes linearity between the continuous features 

of the model and the logit of the response. 

• Absence of multicollinearity: the features in a logistic regression model should 

not be correlated with each other. 

• Absence of extreme outliers in the data. 

 

In this study, we have used the L1 regularised logistic regression which uses the L1 

penalty which is equal to the sum of the absolute values of the coefficients, in order to 

regularise the magnitude of the coefficient estimates and yield sparse models (Hastie 

et al., 2009). For L1 regularised logistic regression, the coefficients 𝛽𝛽0,𝛽𝛽1, … ,𝛽𝛽𝑝𝑝 

maximise the term: 

 

max
𝛽𝛽0,𝛽𝛽

���y𝑖𝑖�𝛽𝛽0 + 𝛽𝛽1𝛸𝛸1 + ⋯+ 𝛽𝛽𝑝𝑝𝑋𝑋𝑝𝑝� − log (1 +  𝑒𝑒𝛽𝛽0+𝛽𝛽1𝛸𝛸1+⋯+𝛽𝛽𝑝𝑝𝑋𝑋𝑝𝑝  )�
𝑛𝑛

𝑖𝑖=1

− 𝜆𝜆��𝛽𝛽𝑗𝑗� 
𝑝𝑝

𝑗𝑗=1

� 
 
(3.20) 

 

where 𝑛𝑛 is the total number of observations, 𝑝𝑝 is the number of features, 𝛽𝛽0 is the 

intercept, 𝛽𝛽 denotes the slope coefficients, 𝛽𝛽𝑗𝑗 is the 𝑗𝑗𝑡𝑡ℎ coefficient, and 𝜆𝜆 ≥ 0 is a 

regularisation parameter. As with LASSO (see section 4.6.1), we do not penalise the 

intercept term. 

 

4.8.3. Tree – based learning algorithms 
 

Tree – based learning algorithms are non-parametric techniques which can be used 

in both regression and classification settings in order to model the non-linear 

relationship between the features and the response of a given dataset. The main idea 
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of tree-based methods is to partition the feature space into a set of distinct hyper-

rectangular regions. A training set is used to train the learner and subsequently, in 

order to make a prediction for a previously unseen observation (i.e., an observation 

that belongs to a validation set or test set) we use the mean (for continuous responses) 

of the response values or the most commonly occurring class (for discrete responses) 

of the training observations in the region to which it belongs (Hastie et al., 2009; James 

et al., 2013). First, we will briefly describe how decision trees work, and then we will 

expand on how these trees can be aggregated to construct more powerful learners. 

 

4.8.3.1. Regression trees 
 

We will begin by describing the process of growing a regression tree. Let us consider 

a dataset with 𝑝𝑝 features 𝑋𝑋1,𝑋𝑋2,𝑋𝑋3, … ,𝑋𝑋𝑝𝑝, a continuous response 𝐲𝐲, and 𝑛𝑛 

observations. Regression trees comprise a set of splitting rules which partition the 

feature space into 𝐽𝐽 hyper-rectangular regions, known as terminal nodes or leaves of 

the tree. The algorithm needs to decide on the splitting features and split points in 

order to generate terminal nodes, or regions, 𝑅𝑅1, …, 𝑅𝑅𝐽𝐽  such that the RSS is as small 

as possible. The RSS is given by 

 

 
���y𝑖𝑖 −  y�𝑅𝑅𝑗𝑗�

2

𝑖𝑖∈𝑅𝑅𝑗𝑗

𝐽𝐽

𝑗𝑗=1

 
 

(3.21) 

 

where 𝑅𝑅𝑗𝑗  denotes the 𝑗𝑗𝑡𝑡ℎ region, and 𝑦𝑦�𝑅𝑅𝑗𝑗 is the mean of the response values of the 

training observations in the 𝑗𝑗𝑡𝑡ℎ region, 𝑗𝑗 ∈ {1, 2, …, 𝐽𝐽 }. The computational requirements 

of searching through every possible combination of splitting features and split points 
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in terms of minimizing the RSS would be prohibitive. Thus, we proceed with a greedy 

algorithm, known as recursive binary splitting. We begin with all of the data belonging 

to one region (at the top of the tree). The algorithm goes through all the features of the 

dataset and through all possible splitting points s and decides on a splitting feature X𝑗𝑗  

and the best split point 𝑠𝑠 such that dividing the feature space into two regions 

 

 𝑅𝑅1(𝑗𝑗, 𝑠𝑠) =  �𝐗𝐗 | X𝑗𝑗 ≤ 𝑠𝑠�  and  𝑅𝑅2(𝑗𝑗, 𝑠𝑠) =  �𝐗𝐗 | X𝑗𝑗 > 𝑠𝑠� (3.22) 

 

minimises the RSS of the resulting tree: 

 

 � �y𝑖𝑖 −  y�𝑅𝑅1�
2

𝑖𝑖:𝑥𝑥𝑖𝑖𝜖𝜖𝑅𝑅1(𝑗𝑗,𝑠𝑠)

+ � �y𝑖𝑖 −  y�𝑅𝑅2�
2

𝑖𝑖:𝑥𝑥𝑖𝑖𝜖𝜖𝑅𝑅2(𝑗𝑗,𝑠𝑠)

  
(3.23) 

 

where 𝑅𝑅1(𝑗𝑗, 𝑠𝑠) is the region of feature space in which the feature X𝑗𝑗takes on a value 

less than or equal to s, and y�𝑅𝑅1is the mean response of the training observations in 

𝑅𝑅1(𝑗𝑗, 𝑠𝑠),  𝑅𝑅2(𝑗𝑗, 𝑠𝑠) is the region of feature space in which the feature X𝑗𝑗 takes on a value 

greater than s, and 𝑦𝑦�𝑅𝑅2is the mean response of the training observations in 𝑅𝑅2(𝑗𝑗, 𝑠𝑠). 

Subsequently, for each of the resulting regions, the process is repeated until each 

terminal node contains some minimum number of observations, which is typically set 

to 5 or 10, resulting in a large tree 𝑇𝑇0. Then, in order to make a prediction for a given 

test observation, we use the mean response of the training observations in the region 

to which the test observation belongs. 

 

The process described yields large regression trees that might overfit the training data 

and fail to generalise to test or validation data. To prevent overfitting, the resulting tree 
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𝑇𝑇0 needs to be pruned, meaning that some of its internal nodes (i.e., the points where 

the feature space is partitioned) need to be collapsed in order to obtain a subtree 𝑇𝑇 ⊂

𝑇𝑇0 which will generalise better to previously unseen data. This can be achieved by 

applying cost complexity pruning (Hastie et al., 2009; James et al., 2013) to the full 

sized tree 𝑇𝑇0 in order to obtain a sequence of subtrees (from the full sized tree T0 to a 

single-node tree) as a function of a tuning parameter α. For each value of the tuning 

parameter α, there is a unique subtree   𝑇𝑇 ⊆ 𝑇𝑇0 that minimises the cost complexity 

criterion: 

 

 
� � �y𝑖𝑖 − y�𝑅𝑅𝑚𝑚�

2
+ 𝑎𝑎|𝑇𝑇|

𝑖𝑖:𝑥𝑥𝑖𝑖∈𝑅𝑅𝑚𝑚

|𝑇𝑇|

𝑚𝑚=1

 
 

(3.24) 

 

where 𝑚𝑚 denotes terminal notes, |𝑇𝑇| is the number of terminal nodes of the subtree 𝑇𝑇, 

𝑅𝑅𝑚𝑚  is the 𝑚𝑚𝑡𝑡ℎ  region, and y�𝑅𝑅𝑚𝑚 is the predicted response in the 𝑚𝑚𝑡𝑡ℎ  region, and 𝑎𝑎 is a 

nonnegative tuning parameter. It is easy to see that when 𝑎𝑎 is equal to zero, then the 

subtree 𝑇𝑇 is equal to the initial large tree 𝑇𝑇0. As we increase 𝑎𝑎, the tree 𝑇𝑇0 gets pruned. 

We estimate the value of 𝑎𝑎 using cross-validation (see section 4.10.1) and obtain the 

subtree that corresponds to the chosen value of 𝑎𝑎. 

 

4.8.3.2. Classification trees 
 

The process of building a classification tree is very similar to the one described for 

regression trees with the only changes pertaining to the criteria for making the binary 

splits and pruning the resulting tree. For a discrete response taking values 1, 2, …, 𝐾𝐾, 
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instead of using the RSS as the splitting criterion, we may use the Gini index, which is 

given by the formula: 

 

 
𝐺𝐺 = �𝑝̂𝑝𝑚𝑚𝑚𝑚(1 −  𝑝̂𝑝𝑚𝑚𝑚𝑚)

𝐾𝐾

𝑘𝑘=1

 
 

(3.25) 

 

where 𝑝̂𝑝𝑚𝑚𝑚𝑚 denotes the proportion of training observations in the 𝑚𝑚𝑡𝑡ℎ region that are 

from the 𝑘𝑘𝑡𝑡ℎ class. The Gini index is a measure of node purity; a small value indicates 

that a node contains mainly observations from the same class. Alternatively, another 

measure of node purity that can be used as splitting criterion is cross-entropy, which 

is defined as: 

 

 
𝐷𝐷 = −�𝑝̂𝑝𝑚𝑚𝑚𝑚

𝐾𝐾

𝑘𝑘=1

log 𝑝̂𝑝𝑚𝑚𝑚𝑚 
 

(3.26) 

 

Small values of cross-entropy indicate that a node is pure. When pruning a 

classification tree, the classification error rate is used (although the Gini index or cross-

entropy can also be used) and is given by the equation: 

 

 𝐸𝐸 = 1 −  max
𝑘𝑘

(𝑝̂𝑝𝑚𝑚𝑚𝑚) (3.27) 

 

Subsequently, in order to make a prediction for a test observation, we simply use the 

most commonly occurring class of the training observations in the region to which the 

test observation belongs.  
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Decision trees are very easy to interpret, mimicking clinicians’ decision making. 

However, they suffer from high variance, meaning that even small changes in the 

training data may completely alter the final estimated tree. For this reason, ensemble 

of trees, such as random forests, which have low variance, are used to produce more 

powerful learners (Hastie et al., 2009; James et al., 2013). 

 

4.8.3.3. Random forests 
 

RF (Breiman, 2001) involve fitting decision trees on bootstrapped samples of the 

original training data and then combining all individual trees to create a single powerful 

predictive model. The trees are grown fully and there is no pruning. The process of 

building an individual tree is similar to the one described so far, but in RF, each time a 

split in a tree is considered, a random sample of 𝑚𝑚 features is chosen as split 

candidates from the full set of 𝑝𝑝 features. Each split is allowed to use only one of those 

𝑚𝑚 features. The number of randomly selected features to be considered for each split 

when growing a tree is the only hyperparameter typically used for optimizing RF 

performance provided the number of trees is set to be sufficiently large (in this study, 

we have set the number of trees to be equal to 500). Typically, when building a RF of 

classification trees, 𝑚𝑚 is set to be equal to the square root of the number of features 

in the training data, and in regression settings, 𝑚𝑚 is set to be equal to a third of the 

number of features in the training data (Hastie et al., 2009). In this study, we have 

optimised the number of features randomly selected as split candidates; starting with 

the typical values of 𝑚𝑚 =  �𝑝𝑝 for classification, and 𝑚𝑚 =  𝑝𝑝 3�  for regression, we have 

performed hyperparameter tuning using the out-of-bag observations of the training set 

in order to get an estimate of the out-of-bag error as a function of the number of 
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randomly selected features.  When used in regression, RF make predictions by 

averaging the resulting predictions of the decision trees used to build the learner. For 

classification problems, the learner obtains a class vote from each individual tree, and 

then classifies taking a majority vote: the overall prediction is the most commonly 

occurring class. 

 

4.9. Model performance metrics 
 

After fitting a statistical learning model on the training data, we need to evaluate its 

predictive performance. In other words, we need to quantify the extent to which the 

predictions of the learner for previously unseen data (i.e., data that was not used 

during the training of the model) are close to the true outcome values of the data. We 

use the Mean Squared Error (MSE), Root Mean Squared Error (RMSE), Mean 

Absolute Error (MAE), and Mean Absolute Percentage Error (MAPE) to evaluate 

regression models, and confusion matrices (from which we calculate three quantities: 

accuracy, sensitivity, and specificity) for the evaluation of classifiers. We need to note 

that model performance is assessed using out-of-sample data, i.e., not the training 

data that was used to train the learner. 

 

4.9.1. Evaluation of regression models 
 

Regression models are usually evaluated using the MSE (James et al., 2013) which 

is the mean of the squared difference between the predicted values of a response and 

the true responses. Given a dataset with 𝑛𝑛 observations, the MSE is given by the 

formula: 
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MSE =  

1
𝑛𝑛
�(y𝑖𝑖 − y�𝑖𝑖)2
𝑛𝑛

𝑖𝑖=1

 
 

(3.28) 

 

where y𝑖𝑖 is the true value of the response for the 𝑖𝑖𝑡𝑡ℎ observation, and y�𝑖𝑖 is the predicted 

value of the response for the 𝑖𝑖𝑡𝑡ℎ observation. Due to its quadratic nature, the MSE is 

sensitive to outliers and penalises large errors and thus, it is particularly useful when 

large errors are undesirable. Values can range from 0 to ∞, with zero denoting that the 

model fits the data perfectly (i.e., all predicted values of the responses are identical to 

the true values). Smaller values of the MSE indicate that the predicted responses are 

close to the true ones, meaning that the model fits the data well. The units of the MSE 

are squared units of the response which makes the metric difficult to interpret. Hence, 

we usually report the RMSE, which is simply the square root of the MSE: 

 

 

RMSE = √MSE = �
1
𝑛𝑛
�(y𝑖𝑖 − y�𝑖𝑖)2
𝑛𝑛

𝑖𝑖=1

 

 

(3.29) 

 

Due to the square root, the units of the RMSE are the same as the units of the 

response. We usually report the MAE of a model, as an additional, intuitively 

understandable performance measure. The MAE is defined as the mean of the 

absolute differences between the predicted values of the response and the true 

responses: 
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MAE =  

1
𝑛𝑛
�|y𝑖𝑖 − y�𝑖𝑖|
𝑛𝑛

𝑖𝑖=1

 
 

(3.30) 

 

The values of the MAE can range from 0 to ∞, with smaller values indicating better 

performance of the prediction model. The MAE is more robust to outliers compared to 

the MSE and RMSE. We need to note that the RMSE is always greater or equal to the 

MAE. Another metric that is usually reported is the MAPE, which is the mean of the 

absolute percentage errors between the predicted and the true values of the response: 

 

 
MAPE = 100 ×

1
𝑛𝑛
��

|y𝑖𝑖 − y�𝑖𝑖|
y𝑖𝑖

�
𝑛𝑛

𝑖𝑖=1

 
 

(3.31) 

 

4.9.2. Evaluation of classification models 
 

The accuracy of a classification model can be assessed by constructing a confusion 

matrix which is a contingency table of the observed and predicted classes (Stehman, 

1997). Table 4.1 is an indicative example of a confusion matrix for binary classification 

problems, and it can be generalised for multiclass classification problems. 

 

Table 4.1. Format of a confusion matrix for binary classification problems. 

 Reference 

Positive Negative 

Pr
ed

ic
tio

n Positive True positive (TP) False positive (FP) 

Negative False negative 

(FN) 

True negative (TN) 
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The columns of the confusion matrix are the observed classes, and the rows are the 

predicted classes. The long diagonal of the confusion matrix corresponds to the cases 

where the model is correct (true positive, true negative), while the other diagonal 

includes the cases where the model is incorrect (false positive, false negative). True 

positive indicates the number of positive cases that were correctly classified by the 

model, true negative refers to the number of negative cases that were correctly 

classified, false positive refers to the number of negative cases that were misclassified, 

and false negative denotes the number of positive cases that were wrongly classified 

by the model as negative. The evaluation of a classifier involves measurement of three 

metrics: accuracy, sensitivity, and specificity.  

 

Accuracy is useful when the data is balanced and is defined as the ratio between the 

correctly classified observations and the total number of observations: 

 

 Accuracy =  
TP + TN

TP + TN + FP + FN
  

(3.32) 

 

However, if a dataset is highly imbalanced in terms of the response, and the prediction 

model classifies all cases to the most commonly occurring class, then accuracy will be 

high. In this case, we use an alternative metric: balanced accuracy, which is given by 

the formula: 
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                              Balanced Accuracy =
1
2
�

TP
TP + FN

+
TN

TN + FP
� 

 

                                                                   =  
Sensitivity + Speci�icity

2
 

 
 
 

(3.33) 

 

Sensitivity is the ratio between the number of true positive predictions and the total 

number of observations which are actually positive for the outcome of interest (i.e., 

true positives and false negatives): 

 

 Sensitivity =  
TP

TP + FN
  

(3.34) 

 

Specificity is defined as the ratio between the number of true negative predictions and 

the total number of observations which are actually negative for the outcome of interest 

(i.e., true negatives and false positives): 

 Speci�icity =  
TN

TN + FP
  

(3.35) 

 

4.10. Model validation 

 

The ultimate goal of a machine learning model is to accurately estimate the response 

values for previously unobserved data which have not been used in the training 

process. Hence, we need an additional dataset in order to assess model performance. 

However, in practice, an additional external validation dataset is often not available. 

Instead, we can use resampling techniques which involve repeatedly drawing a subset 

of samples from the original dataset to be used in training the model, while the 
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remaining samples serve as a test set to evaluate the performance of the fitted model 

(James et al., 2013). In this study, we have used cross-validation (James et al., 2013) 

in order to estimate the test error rate of the trained models. 

 

4.10.1. Cross-validation 
 

The key idea in cross-validation is to repeatedly hold out a subset of the original data 

(i.e., test set) from the training process, train the model using the remaining data (i.e., 

training set), and then apply the fitted model to those held out observations in order to 

assess its performance. It provides an estimate of the performance of the model on 

new unobserved data, given that the new data comes from the same distribution as 

the data that was used to train the model. In this study, we have used 𝑘𝑘-fold cross-

validation and leave-one-out cross-validation.  

 

In 𝑘𝑘-fold cross-validation, the original dataset is randomly split into 𝑘𝑘 approximately 

equal-sized folds or groups and the statistical learning model is subsequently trained 

using the 𝑘𝑘-1 folds, while the fold that has been held out is used as a test set to get an 

estimate of the test error rate of the trained model. The process is repeated 𝑘𝑘 times 

and each time a different fold is used as the test set. The result is 𝑘𝑘 estimates of the 

test error. The final test error rate can be calculated by averaging these 𝑘𝑘 resulting test 

error estimates. Determining the value of 𝑘𝑘 is associated with a bias – variance trade-

off (Hastie et al., 2009; James et al., 2013). Typically, we set 𝑘𝑘 to be equal to 5 or 10, 

as these values offer a good bias-variance trade-off.  
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A special case of 𝑘𝑘-fold cross-validation is leave-one-out cross-validation (LOOCV) 

where 𝑘𝑘 is set to be equal to the sample size 𝑛𝑛 of the original dataset. LOOCV involves 

holding out a single observation to be used as the test set, while the learner is trained 

using the remaining 𝑛𝑛-1 observations. The process is repeated 𝑛𝑛 times and each time 

a different observation from the original dataset is used as the test set. The result is 𝑛𝑛 

estimates of the test error. The final test error rate is the average of these 𝑛𝑛 test error 

estimates. Compared to 𝑘𝑘-fold cross-validation with 𝑘𝑘 < 𝑛𝑛, LOOCV is computationally 

more expensive, since it involves fitting the same model as many times as the number 

of observations of the original dataset.  In addition, the test error estimates that are 

obtained from LOOCV have low bias but suffer from high variance as they are highly 

correlated with each other, since they come from models which have been fitted on 

subsets of the original data that are very similar to each other (Hastie et al., 2009; 

James et al., 2013). In this study, due to the limited sample size available, we have 

used LOOCV throughout. 

 

4.10.2. Surrogate testing 
 

In this study, we have used statistical hypothesis testing (see section 4.4) in order to 

compare the performance of two machine learning models, as well as to demonstrate 

whether the selected model significantly outperforms a naïve benchmark (i.e., a model 

that always predicts the mean or median value of the response) in the context of 

regression problems. There is no threshold for the MSE so to evaluate the 

performance of a model the MSE needs to be compared to a benchmark, usually the 

MSE of a naïve (surrogate) model that would always predict the mean of the response 

values. A paired t – test (Ross & Willson, 2017) was performed to compare the 
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performance metric (e.g., MSE) between two machine learning models, as well as 

between the trained model and a naïve (surrogate) model. The assumption of the 

normal distribution of the differences of the pairs was tested using a normal probability 

quantile-quantile plot. In case this assumption was violated, the non-parametric 

alternative Wilcoxon signed – rank test was used (Wilcoxon, 1945). 

 

4.11. Data balancing techniques 
 

In classification settings, a dataset is imbalanced when the proportion of classes is 

uneven. In real world data, we may come across a variety of imbalance ratios between 

the cases in the minority class and those that belong to the majority class (e.g., 1:10, 

1:100, or even 1:1000). The problem that arises when dealing with imbalanced 

datasets is that there are too few cases in the minority class compared to the majority 

class, and thus, machine learning algorithms cannot be trained effectively and tend to 

considerably underestimate (or suppress) the minority class. However, it is the minority 

class that we are often more interested in, as the majority class usually includes the 

“normal” cases, while the minority class includes the “abnormal” cases which we want 

to predict. In addition, another issue is that when a learner is trained on an imbalanced 

dataset, the use of single traditional performance metrics, such as accuracy, may be 

misleading (see section 4.9.2). There are a number of data balancing techniques 

which aim to transform the training data in order to achieve an equal representation of 

the classification categories. These techniques can be broadly placed into three main 

categories: oversampling techniques, undersampling techniques, and a combination 

of oversampling and undersampling. There is no single best method, so in this study, 

we experimented with different data balancing techniques: random oversampling of 
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the minority class (He & Ma, 2013), random undersampling of the minority class (He 

& Ma, 2013), Synthetic Minority Oversampling Technique (SMOTE), and a 

combination of oversampling and undersampling techniques (i.e., random 

oversampling or SMOTE paired with random undersampling) (Chawla et al., 2002). 

We need to note that all data balancing techniques need to be performed on the 

training set, which is used to train the learner, and not on the test set which is used to 

get an estimate of the performance of the model on unseen observations. In this 

section, we will present a summary of the techniques we have used in this study. 

 

Random oversampling involves randomly selecting cases that belong to the minority 

class, with replacement, and adding them to the training dataset until a more balanced 

distribution of cases is achieved (He & Ma, 2013). Random undersampling works by 

randomly discarding cases from the majority class in the training set, with or without 

replacement, until there is an equal or almost equal number of cases between the 

minority and the majority class (He & Ma, 2013). SMOTE involves oversampling the 

minority class by generating new synthetic samples to create a balanced dataset 

(Chawla et al., 2002). Specifically, for each minority class sample, the 𝑘𝑘 minority class 

nearest neighbours are identified by Euclidean distance. The value of 𝑘𝑘 is typically set 

to be equal to 5. Depending upon the number of synthetic samples that need to be 

generated, a random number or all of the 𝑘𝑘 nearest neighbours are used to calculate 

the difference between the feature vector under consideration (i.e., the minority class 

sample for which we want to identify the 𝑘𝑘 nearest neighbours) and each of its nearest 

neighbours. Subsequently, the computed difference is added to the feature vector 

under consideration and as a result, a new synthetic sample is created along the line 

segments joining any or all of the 𝑘𝑘 minority class nearest neighbours. It is easy to 
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understand that the aforementioned procedure can be applied to datasets which 

comprise only continuous features. Two extensions of SMOTE: Synthetic Minority 

Oversampling Technique – Nominal Continuous (SMOTE-NC), and Synthetic Minority 

Oversampling Technique – Nominal (SMOTE-N) have been developed to deal with 

datasets comprising both continuous and categorical features, or only categorical 

features, respectively (N. V. Chawla et al., 2002). In SMOTE-NC, identification of the 

𝑘𝑘 nearest neighbours involves adding the median of standard deviations of all 

continuous features for the minority class to the Euclidean distance equation, when 

the categorical features between feature vectors differ. Subsequently, the continuous 

features of the new synthetic sample are calculated using the procedure described for 

SMOTE, while the categorical features are given the most frequently occurring value 

among the identified 𝑘𝑘 nearest neighbours. Finally, SMOTE-N deals with datasets 

which comprise exclusively categorical features. In this case, identification of the 𝑘𝑘 

nearest neighbours involves using a modified version of the Value Difference Metric, 

which computes the distance between values of categorical features (Cost & Salzberg, 

1993). The distance 𝛿𝛿 between two values for a given feature is given by: 

 

 
𝛿𝛿(𝑉𝑉1,𝑉𝑉2) = ��

𝐶𝐶1𝑖𝑖
𝐶𝐶1

−
𝐶𝐶2𝑖𝑖
𝐶𝐶2
�
𝑚𝑚ℎ

𝑖𝑖=1

 
 

(3.37) 

 

where 𝑉𝑉1 and 𝑉𝑉2 are two possible values for a given feature, 𝐶𝐶1𝑖𝑖 denotes the number 

of occurrences of feature value 𝑉𝑉1 for class 𝑖𝑖, 𝐶𝐶1 is the total number of occurrences of 

feature value 𝑉𝑉1, 𝐶𝐶2𝑖𝑖 denotes the number of occurrences of feature value 𝑉𝑉2 for class 

𝑖𝑖, 𝐶𝐶2 is the total number of occurrences of feature value 𝑉𝑉2, ℎ is the number of classes 
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of the outcome in the dataset, and 𝑚𝑚 is a constant usually set to 1. Subsequently, the 

total distance Δ between two feature vectors is given by the formula: 

 

 
𝛥𝛥(𝐱𝐱, 𝐳𝐳) = 𝑤𝑤𝑥𝑥𝑤𝑤𝑧𝑧�𝛿𝛿(x𝑖𝑖, z𝑖𝑖)𝑟𝑟

𝑝𝑝

𝑖𝑖=1

 
 

(3.38) 

 

where 𝑟𝑟 = 1 gives the Manhattan distance, and 𝑟𝑟 = 2 yields the Euclidean distance, 𝐱𝐱 

and 𝐳𝐳 are two feature vectors each comprising 𝑝𝑝 features, x𝑖𝑖 and z𝑖𝑖  are the values of 

the 𝑖𝑖𝑡𝑡ℎ feature for 𝐱𝐱 and 𝐳𝐳, 𝑝𝑝 is the total number of features, 𝑤𝑤𝑥𝑥 and 𝑤𝑤𝑧𝑧 are weights 

assigned to the feature vectors 𝐱𝐱 and 𝐳𝐳. In SMOTE-N, the weights are removed from 

the equation. After identifying the 𝑘𝑘 nearest neighbours, the feature values of the new 

synthetic minority class feature vector are determined by the most frequently occurring 

value among the 𝑘𝑘 nearest neighbours. In this study, we used 𝑘𝑘 = 5, as suggested by 

the developers of SMOTE (Chawla et al., 2002). 

 

4.12. Imputation of missing values 
 

Missing data are often met in clinical applications and are a major issue in medical 

research. Many machine learning algorithms including those described in the 

preceding sections cannot handle missing data and default to discarding missing 

values. Thus, observations which include missing data are usually eliminated and only 

complete cases (i.e., those with no missing data) are included in the analysis, a 

process known as complete-case analysis. Complete-case analysis may yield results 

which are biased considering the reasons why data are missing, and also reduces the 

original sample size which causes a reduction of precision and power. Missing data 
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mechanisms can be broadly categorised into three groups (Rubin, 1976): a) Missing 

Completely At Random: data are missing due to chance, that is missing values are 

independent of the observed or other missing values in the data. In this case, missing 

values can be ignored, and a complete-case analysis will not be biased, b) Missing At 

Random: the probability that a value of a particular variable X is missing is independent 

of the variable X itself but is related to the values of some other variable(s) in the study, 

and c) Missing Not At Random: the probability that a value of a random variable X is 

missing depends on that variable itself. In this case, a complete-case analysis would 

lead to biased results. 

 

Instead of eliminating cases with missing data, missing values can be replaced with 

estimates of their true values based on other available information in a dataset, a 

process known as imputation. Following imputation, machine learning tools which are 

designed for complete data can be implemented. There are a number of imputation 

techniques, the description of which is beyond the scope of this thesis, but we refer 

interested readers to the book “Handbook of missing data methodology” (Molenberghs 

et al., 2014)  for an extensive overview of missing data methods.  

 

In this section, we will present a short summary of multivariate imputation by chained 

equations (Buuren & Groothuis-Oudshoorn, 2011) which we have used in this study, 

and which involves generating several plausible imputed versions of an original 

dataset which includes missing values. Multiple imputation by chained equations 

assumes that missing values are missing at random and entails the following steps: 
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1. Missing values for each feature in the dataset are filled in with temporary “place 

holders”, such as mean imputations (i.e., the missing values of a variable are 

replaced with the mean of the observed values for that variable). 

2. For a given feature 𝑋𝑋, these temporary “place holders” are discarded. So, at 

this point, only feature X has missing values, while all other features have their 

“temporary place holders” in place of missing values. 

3. A model is trained using the observed values of the feature X as the response, 

and the rest of the features as the predictor variables. Each feature is modelled 

according to its distribution, i.e., linear regression is used for continuous 

features, and logistic regression for categorical features. 

4. The trained regression model is used to make predictions for the missing 

values of feature 𝑋𝑋. When feature 𝑋𝑋 is subsequently used as a predictor for the 

rest of the features, then both its observed and its imputed values (by the 

regression model) will be used.  

5. Steps 2 to 4 are repeated for all features with missing values, until all missing 

values have been imputed using regression models. The order that the 

features are usually considered for imputation is from the feature with the least 

missing values to the feature with the most missing values. 

6. Steps 2 to 5 are repeated iteratively until convergence. The iterations required 

usually lie between 10 and 20. 

 

The whole process (steps 1 to 6) is repeated ℎ times (usually ℎ is set between 5 and 

10), so that in the end, ℎ imputed datasets are generated which are identical regarding 

the observed values of the original dataset but differ in the imputed values (Azur et al., 

2011). We need to note that multiple imputation by chained equations is applied using 
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only information from the training data, so that there is no data leakage. Subsequently, 

we perform data analysis and estimate the parameters of interest for each one of the 

imputed datasets. Finally, the estimated parameters are pooled into a single estimate. 

 

4.13. Interpretation of the results of a machine learning model 
 

After having developed a machine learning model, we are often interested in how the 

combination of the selected features influences the predicted outcome of the model. 

Graphs are useful interpretation tools, however, due to the limitations of computer 

graphics and human perception, they are limited to low-dimensional representations 

(i.e., it is difficult to plot in a single graph the predicted outcome as a function of all the 

features included in the model). Thus, a common solution for interpreting the results 

of a learner is to create a collection of graphs, each one illustrating the partial 

dependence of the outcome on a subset of the features used in the model. Thus, 

partial dependence plots (PDP) (Friedman, 2001) which show the marginal effect a 

small subset of features have on the outcome, are commonly used for interpretation 

of machine learning models. Let us consider a machine learning model comprising 𝑝𝑝 

features. Then 𝐱𝐱𝑠𝑠 is a subvector, indexed by s ⊂ {1,2, … ,𝑝𝑝}, comprising the features 

(usually one or two) we are interested in (i.e., for which we need to define the impact 

on the predicted outcome of the model, that is a numerical value in regression settings 

or class probability in classification settings). Let 𝐱𝐱𝑐𝑐  be a subvector, indexed by c ⊂

{1,2, … ,𝑝𝑝}, comprising the rest of the selected features in the model, such that s ∪ c =

{1,2, … ,𝑝𝑝}. Partial dependence functions work by marginalising the predicted outcome 

over the distribution of the feature vector 𝐱𝐱𝑐𝑐, so that the function represents the impact 

of feature vector 𝐱𝐱𝑠𝑠 on the predicted outcome. The partial function 𝑓𝑓𝑠𝑠 is given by: 
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𝑓𝑓𝑠𝑠 =

1
𝑛𝑛
�𝑓𝑓
𝑛𝑛

𝑖𝑖=1

(𝐱𝐱𝑠𝑠,𝐗𝐗𝑖𝑖𝑖𝑖) 
 

(3.39) 

 

where 𝑛𝑛 is the number of observations in the training dataset, and 𝐗𝐗𝑖𝑖𝑖𝑖 represents the 

values of the features in 𝐱𝐱𝑐𝑐  for the observations in the training dataset. The partial 

function shows what the average marginal effect on the predicted outcome of a 

machine learning model is, for given values of the features in 𝐱𝐱𝑠𝑠. However, an 

assumption is that the features in 𝐱𝐱𝑠𝑠 and 𝐱𝐱𝑐𝑐 are not correlated. 

 

4.14. Summary of the steps for data analysis 
 

In this section, we will summarise the data analysis steps in the context of supervised 

learning problems in regression and classification settings, which we have described 

in the preceding sections. The methodology we have followed in this study comprises 

the following steps: 

1. Begin by visualizing data in order to identify outliers, trends, and patterns. Draw 

scatterplots which allow for identification of potential relationships between two 

variables. 

2. Compute correlation coefficients in order to quantify the strength of the 

association between pairs of variables. 

3. Rank the features of a given dataset from the most important to the least 

important one using feature selection techniques. 

4. Apply parametric statistical learning tools (e.g., linear regression for continuous 

responses or logistic regression for classification tasks) which set a useful 
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benchmark which we subsequently explore whether we can improve upon by 

applying non-parametric machine learning algorithms, such as RF. 

5. Calculate the performance of the machine learning model as a function of the 

number of features used and keep the statistical model which has the greatest 

predictive power with the fewest possible features. Comparison between 

models can be achieved using statistical hypothesis tests. 

6. In the context of imbalanced classification, use data balancing techniques, such 

as SMOTE, in order to mitigate the class imbalance problem and use 

appropriate performance metrics. 

7. If data are missing at random or completely at random, impute missing values 

using, for example, multiple imputation by chained equations. 

8. Validate the model using an additional dataset, or, if not available, using k-fold 

cross-validation. 

9. Surrogate testing to test whether the selected model significantly outperforms 

a naïve benchmark. 

10. Interpret the results. 

 

The following chapters use the methodology outlined above to address the objectives 

of the study: identifying the early life risk factors that predict global and regional brain 

volumes at term-equivalent age (Chapter 5), as well as language outcomes at two 

years CGA following preterm birth (Chapter 6). 
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CHAPTER 5: PREDICTION OF GLOBAL AND REGIONAL 

CEREBRAL VOLUMES FOLLOWING PRETERM BIRTH 

 

This chapter presents a study we undertook to address the first objective of the current 

thesis: to identify the early life risk factors that impact brain growth following preterm 

birth by developing machine learning models that accurately predict global and 

regional cerebral tissue volumes at term–equivalent age. 

 

5.1. Introduction 
 

The foetal brain undergoes rapid growth during the third trimester of gestation and is 

particularly vulnerable to insults, which can lead to aberrant development (see section 

2.1.1). Groupwise studies using volumetric MRI report that preterm birth is associated 

with impaired total, white matter, cortical grey matter, deep nuclear grey matter, and 

cerebellar growth (Ball et al., 2012; Batalle et al., 2018; Boardman et al., 2006; Inder 

et al., 2005; Limperopoulos et al., 2005; Loh et al., 2017; Mewes et al., 2006; 

Srinivasan et al., 2007; Thompson et al., 2007), although growth failure is not 

inevitable (Boardman et al., 2007) which suggests there is considerable individual 

variation. In turn, altered brain volume following preterm birth has been associated 

with various short- and long-term neurodevelopmental deficits (for details, see section 

2.1.3). Understanding the risk factors associated with altered brain growth could lead 

to more timely identification of children who are at high risk of neurodevelopmental 

impairment and who may benefit from early intervention programmes. 



Prediction of cerebral volumes 

  76 

The objective of the current study was to identify the combination of early life risk 

factors that predict total brain volume, and regional brain tissue volumes (white matter, 

cortical grey matter, deep nuclear grey matter, and cerebellum). Different brain regions 

are characterised by different growth rates (Nishida et al., 2006), and thus, we 

hypothesised that they are differentially vulnerable to perinatal exposures. Previous 

investigations of variables that predict brain volumes at term–equivalent age following 

preterm birth have used linear regression (Alexander et al., 2019; Ball et al., 2012; 

Belfort et al., 2016; Brouwer, Kersbergen, van Kooij, et al., 2017; Granger et al., 2018; 

Guillot et al., 2020; Inder et al., 2005; Kidokoro et al., 2014; Limperopoulos et al., 2005; 

Matthews et al., 2018; Nguyen The Tich et al., 2011; Pecheva et al., 2019; Power et 

al., 2019; Sveinsdóttir et al., 2018; Thompson et al., 2008; Thompson et al., 2019b), 

linear mixed effects models (Kamino et al., 2019; Knickmeyer et al., 2017; Thompson 

et al., 2007), generalised linear models (Boardman et al., 2007), generalised least 

squares models (Zwicker et al., 2016), general linear models (Duerden et al., 2020), 

generalised estimating equation (J. Schneider et al., 2018), logistic regression (Inder 

et al., 2003), Spearman rank correlation (Dimitrova et al., 2021), and canonical 

correlation analysis (Ball et al., 2017). However, often the underlying relationship 

between the predictors and the response is more complicated, such that linear models 

and correlation analysis may not provide an accurate representation of the underlying 

algorithmic relationship. Applying machine learning techniques to a cohort of preterm 

infants that is phenotyped with brain imaging, clinical, and socioeconomic information 

enables the exploration of non-linear relationships between the response and the 

predictor variables. Early identification of the combination of clinical, demographic, and 

environmental perinatal variables that accurately predicts brain tissue volumes at 
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term–equivalent age could potentially lead to the improvement of neuroprotective 

strategies and perinatal treatments. 

 

5.2. Materials and methods 
 

5.2.1. Participants 
 

Participants were preterm infants born before 33 completed weeks of gestation at the 

Royal Infirmary of Edinburgh between October 2016 and September 2021 and 

recruited as part of the TEBC (Boardman et al., 2020) (see Section 3.3). The inclusion 

and exclusion criteria for the study are described in detail in Section 3.3. 

 

5.2.2. Clinical and sociodemographic features 
 

The selection of clinical and demographic features used in subsequent analysis was 

guided by extant literature linking early life risk factors with altered brain growth in 

preterm infants (see section 2.1.2). Specifically, we studied the contribution towards 

prediction of cerebral tissue volumes of the following features: GA at birth (based on 

first trimester ultrasound) (Anjari et al., 2009; Ball et al., 2010, 2012; Boardman et al., 

2006; Inder et al., 2005; Kidokoro et al., 2014; Limperopoulos et al., 2005; Partridge 

et al., 2004), GA at MRI, birthweight z-score (a measure of birthweight standardised 

for age and sex based on the INTERGROWTH-21st international standards (Villar et 

al., 2014, 2016)) (Alexander et al., 2019; Knickmeyer et al., 2016; Matthews et al., 

2018; Nguyen The Tich et al., 2011; Pogribna et al., 2013; Thompson et al., 2019b), 

sex (Alexander et al., 2019; Dibble et al., 2021; Gilmore et al., 2007; Kersbergen et 



Prediction of cerebral volumes 

  78 

al., 2016; Matthews et al., 2018; Nguyen The Tich et al., 2011; Pogribna et al., 2013; 

Ruigrok et al., 2014; Thompson et al., 2007; Thompson et al., 2019b), multiple birth 

(Alexander et al., 2019; Thompson et al., 2019a), early or late-onset sepsis (defined 

as blood stream infection with (a) bacterial pathogen isolated from blood culture or (b) 

blood culture growing coagulase-negative staphylococcus, along with one or more 

signs of generalised infection, and treatment with intravenous antibiotics for ≥5 days; 

early-onset is within 72 hours of birth and late-onset is after 72 hours) (Matthews et 

al., 2018), NEC (requiring medical [seven days nil by mouth] or surgical management) 

(Kidokoro et al., 2014; Matthews et al., 2018; Pogribna et al., 2013; Shah et al., 2008), 

BPD (defined as oxygen requirement at ≥36 weeks CGA) (Anjari et al., 2009; Ball et 

al., 2010; Boardman & Counsell, 2020; Inder et al., 2005; Kidokoro et al., 2014; 

Thompson et al., 2007),duration of intubation while in the NICU (Boardman et al., 

2007; Brouwer, Kersbergen, Van Kooij, et al., 2017; Guillot et al., 2020; Nguyen The 

Tich et al., 2011; Pogribna et al., 2013; Rogers et al., 2016), duration of parenteral 

nutrition (Brouwer, Kersbergen, van Kooij, et al., 2017; Kidokoro et al., 2014), breast 

milk exposure (defined as the proportion of in-patient days receiving exclusive 

maternal and/or donor breast milk) (Belfort et al., 2016; Blesa et al., 2019; Sullivan et 

al., 2022), smoking during pregnancy (at any point during pregnancy, self-reported by 

parents after birth) (Ekblad et al., 2015), and socioeconomic status of the family 

(Thompson et al., 2019b) operationalised as Scottish Index of Multiple Deprivation 

2016 (SIMD2016) quintile which comprises five categories (1-5), where 1 indicates the 

most deprived and 5 indicates the least deprived (Scottish National Statistics, 2016). 

MgSO4 is recommended in clinical practice guidelines worldwide for women at risk of 

very preterm birth for fetal neuroprotection (World Health Organization, 2015) though 

the mechanism of its neuroprotective effects is not well understood. Thus, we 
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investigated the effect of exposure to MgSO4 on brain volumes at term–equivalent 

age. In addition, we included maternal depression and anxiety (data was obtained from 

maternal pregnancy records: previous history and/or during current pregnancy), as 

psychological distress has been associated with atypical brain development (Dean et 

al., 2018; Gentile, 2017; Rifkin-Graboi et al., 2015) and a range of adverse 

neurodevelopmental outcomes in offspring (Boardman & Counsell, 2020; Davis & 

Sandman, 2012; Grizenko et al., 2012; Robinson et al., 2011). Finally, we aimed to 

assess the effect of exposure to antenatal corticosteroids (any antenatal 

corticosteroids or a complete course of antenatal corticosteroids [defined as two doses 

24h apart]) on cerebral tissue volumes, because antenatal corticosteroid 

administration for acceleration of fetal lung maturation has been associated with lower 

risk of neurodevelopmental impairment following preterm birth (S. Chawla et al., 2016; 

McGoldrick et al., 2020; Tyson et al., 2008; Valavani et al., 2021; Vesoulis et al., 2018). 

 

5.2.3. Image acquisition and analysis 
 

Infants underwent a brain MRI scan at term–equivalent age. Details on the acquisition 

of sMRI are provided in Section 3.6. T2-weighted MRI scans were acquired for all 

subjects and neonatal total brain, cortical and deep grey matter, white matter, and 

cerebellar volumes were obtained using the minimal processing pipeline of the 

developing human connectome project (dHCP) (Makropoulos et al., 2014, 2018). 
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5.3. Data analysis 
 

5.3.1. Statistical mapping 
 

We used the RF algorithm, operating in regression mode for the estimation of the 

cerebral tissue volumes at term–equivalent age following preterm birth in the study, 

using the standard default parameters (500 trees, optimizing the Gini index, and 

searching for the best split at each tree node from the randomly selected features 

equal to the square root of the original number of features) (for more details on RF, 

see Section 4.7.3.3). We compared two feature selection algorithms, which are 

optimised and tuned for the RF learner: (a) RF variable importance (Hastie et al., 

2009), and (b) Boruta (Kursa & Rudnicki, 2010), which rank the features of a given 

dataset based on their contribution towards prediction of the response variable (see 

Sections 4.5.2 and 4.5.3). The final feature ranking for each feature selection algorithm 

was determined using LOOCV, using only the training data set in each cross-validation 

iteration and following the process described in Section 4.6. Ultimately, we obtained a 

vector which consisted of feature indices ordered from the most important to the least 

important one, for each feature selection algorithm. These features were then used to 

train the RF learner (Breiman, 2001) using a progressively increasing number of 

features (i.e. only the first selected features, the top two selected features, the top 

three, etc.), so that the performance of the model was calculated as a function of the 

number of features used. Following the principle of parsimony, we selected the most 

parsimonious model, i.e. the statistical model which had the greatest predictive power 

with the fewest possible features. 

 



Prediction of cerebral volumes 

  81 

5.3.2. Model performance 
 

Model validation was implemented using LOOCV. Missing data for both numeric and 

categorical features were imputed using multiple imputation by chained equations 

(Raghunathan et al., 2001; Van Buuren, 2007), based only on the information in the 

training set, independently in each LOOCV iteration (see Section 4.11). The 

performance of the model was evaluated using the RMSE. We also report the MAE 

and MAPE of the models, as additional, intuitively understandable performance 

measures (for more details on these metrics, refer to Section 4.8.1). 

 

5.3.3. Surrogate testing and interpretation of findings 
 

Subsequently, the RMSE of the selected model was compared to the RMSE of the 

naïve (surrogate) model (the predicted response is equal to the mean value of the 

response) using a paired t-test (see Section 4.9.2.1). The assumption of the normal 

distribution of the differences between the pairs was tested using a normal probability 

quantile-quantile plot. In case this assumption was violated, the non-parametric 

alternative Wilcoxon signed-rank test was performed. Statistical significance was set 

at α=0.05.  This is useful to demonstrate whether the machine learning model performs 

over and above a naïve model. PDP (Friedman, 2001) were constructed to assess 

how the selected features influence the predicted outcome of the RF learner (see 

Section 4.12). Data analysis was conducted in R.  
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5.4. Results 
 

In total, 169 preterm (median GA ± Interquartile Range [IQR]: 30 ± 3.43 weeks) 

underwent a brain MRI at term–equivalent age. The characteristics of the cohort are 

presented in Table 5.1. The overall percentage of missing values in the dataset was 

0.3% (data were missing on BPD and breast milk exposure for one infant, on duration 

of non-enteral feeds, breast milk exposure, and smoking during pregnancy for one 

infant, on BPD, duration of non-enteral feeds, and breast milk exposure for one infant, 

and two infants were missing data on maternal smoking during pregnancy). 

 

Table 5.1. Characteristics of the cohort. 

Characteristics Preterm infants (N=169) 
GA at birth (weeks) 30±3.43 

(22.14–32.86) 
GA at MRI scan (weeks) 40.71±1.86 

(36.57–45.86) 
Birth weight (grams) 1300±540 

(370–2510) 
Birth weight z-score 0.13±1.05 

(-3.13–2.14) 
Sex 
    Male 
    Female 

 
95(56) 
74(44) 

MgSO4 134(79) 
Antenatal corticosteroids (any) 161(95) 
Antenatal corticosteroids (complete course) 113(67) 
Multiple birth 50(30) 
Bronchopulmonary dysplasia 41(25) 
Early onset sepsis 13(8) 
Late onset sepsis 27(16) 
Necrotizing enterocolitis 7(4) 
Retinopathy of prematurity 7(4) 
Duration of intubation (days) 0±2 

(0–63) 
Duration of exclusive breast milk exposure 
(days) 

32.5±30 
(0–122) 

Duration parenteral nutrition (days) 7±4  
(0-65) 

Maternal age (years) 32±8 
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(17–45) 
Maternal smoking during pregnancy 30(18) 
Maternal depression 33(20) 
Maternal anxiety 41(24) 
SIMD2016 quintile   
    1 
    2 
    3 
    4 
    5 

 
32(19) 
32(19) 
28(16) 
33(20) 
44(26) 

Variables are presented in the form of median ± IQR (range) or number (%). 
 

 

5.4.1. Prediction of total brain volume in preterm infants 

 

Figure 5.1.A illustrates the out-of-sample performance of the RF regression model for 

the prediction of total brain volume as a function of the number of features selected by 

the RF variable importance and Boruta algorithms. The best performing feature size 

(minimum RMSE) is six using Boruta (RMSE=29.23cm3, MAE=23.89cm3, 

MAPE=6.57%). Comparing the selected model to the naïve model, we found that the 

former is significantly better than the latter (d=0.46, p<0.0001). The selected feature 

subset comprises birthweight z-score, GA at birth, GA at MRI scan, sex, duration of 

intubation, and SIMD2016 quintile which are the jointly most predictive features 

towards the prediction of total brain volume in preterm infants. The PDP show that 

total brain volume increases with increasing birthweight z-score (Fig. 5.1.B), GA at 

birth and MRI scan (Fig. 5.1.C – D). Female sex, longer duration of intubation, and 

lower socioeconomic status were associated with lower total brain volume (Fig. 5.1.E 

– G). 
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Figure 5.1. Selected model and PDP for total brain volume. (A) Comparison of out-of-sample LOOCV 
RMSE results of the RF prediction model of total brain volume using the features selected by the Boruta 
and RF variable importance algorithms; (B) PDP for the effect of birthweight z-score on total brain 
volume; (C) PDP for the effect of gestational age at birth on total brain volume; (D) PDP for the effect 
of gestational age at MRI scan on total brain volume; (E) PDP for the effect of sex on total brain volume; 
(F) PDP for the effect of duration of intubation on total brain volume; (G) PDP for the effect of SIMD2016 
quintile on total brain volume. 

 

5.4.2. Prediction of white matter volume in preterm infants 
 

Figure 5.2.A illustrates the out-of-sample performance of the RF regression model for 

the prediction of white matter volume as a function of the number of features selected 

by the RF variable importance and Boruta algorithms. The best performing feature size 

(minimum RMSE) is seven using RF variable importance, but this is not a statistically 

significant improvement over the RMSE when using only four features selected by the 

RF variable importance or Boruta algorithm (p=0.2105). Hence, following the principle 

of parsimony, we choose the least number of features giving the most accurate results 

according to the RMSE. We choose to keep the RF model with four features 

(RMSE=14.92cm3, MAE=11.98cm3, MAPE=7.16%). Comparing the selected model to 

the naïve model, we found that the former is significantly better than the latter (d=0.30, 

p<0.0001). The selected feature subset comprises birthweight z-score, GA at birth, GA 
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at MRI scan, and sex. The PDP show that white matter volume increases with 

increasing birthweight z-score (Fig. 5.2.B), GA at birth and MRI scan (Fig. 5.2.C – D). 

Moreover, male sex was associated with greater white matter volume (Fig. 5.2.E). 

 

 
Figure 5.2. Selected model and PDP for white matter volume. (A) Comparison of out-of-sample LOOCV 
RMSE results of the RF prediction model of white matter volume using the features selected by the 
Boruta and RF variable importance algorithms; (B) PDP for the effect of birthweight z-score on white 
matter volume; (C) PDP for the effect of gestational age at birth on white matter volume; (D) PDP for 
the effect of gestational age at MRI scan on white matter volume; (E) PDP for the effect of sex on white 
matter volume. 

 

5.4.3. Prediction of cortical grey matter volume in preterm infants 
 

Figure 5.3.A illustrates the out-of-sample performance of the RF regression model for 

the prediction of cortical grey matter as a function of the number of features selected 

by the Boruta and RF variable importance algorithms. We selected the model 

comprising three features using the Boruta or RF variable importance algorithm 

(RMSE=14.43cm3, MAE=11.45cm3, MAPE=8.47%), which was significantly better 

than the naïve model (d=0.47, p<0.0001). The selected feature subset comprises 

birthweight z-score, GA at birth, and GA at MRI scan which are the jointly most 
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predictive features towards the prediction of cortical grey matter volume in preterm 

infants. The PDP show that cortical grey matter volume increases with increasing 

birthweight z-score (Fig. 5.3.B) and GA at birth and MRI scan (Fig. 5.3.C – D). 

 

 
Figure 5.3. Selected model and PDP for cortical grey matter volume. (A) Comparison of out-of-sample 
LOOCV RMSE results of the RF prediction model of cortical grey matter volume using the features 
selected by the Boruta and RF variable importance algorithms; (B) PDP for the effect of birthweight z-
score on cortical grey matter volume; (C) PDP for the effect of gestational age at birth on cortical grey 
matter volume; (D) PDP for the effect of gestational age at MRI scan on cortical grey matter volume. 
 

5.4.4. Prediction of deep grey matter volume in preterm infants 
 

Figure 5.4.A illustrates the out-of-sample performance of the RF regression model for 

the prediction of deep grey matter volume as a function of the number of features 

selected by the Boruta and RF variable importance algorithms. Following the principle 

of parsimony, we chose to keep the RF model with six features using the RF variable 

importance algorithm (RMSE=1.92cm3, MAE=1.45cm3, MAPE=5.54%). Comparing 

the selected model to the naïve model, we found that the former is significantly better 

than the latter (d=0.33, p<0.0001). The selected feature subset comprises birthweight 



Prediction of cerebral volumes 

  87 

z-score, GA at birth, GA at MRI scan, duration of intubation, sex, and breast milk 

exposure which are the jointly most predictive features towards the prediction of deep 

grey matter volume in preterm infants. The PDP show that deep grey matter volume 

increases with increasing birthweight z-score (Fig. 5.4.B), GA at birth and MRI scan 

(Fig. 5.4.C – D), and higher breast milk exposure (Fig. 5.4.G). Prolonged duration of 

intubation and female sex are associated with lower deep grey matter volume (Fig. 

5.4.E – F).  

 

 

 
Figure 5.4. Selected model and PDP for deep grey matter volume. (A) Comparison of out-of-sample 
LOOCV RMSE results of the RF prediction model of deep grey matter volume using the features 
selected by the Boruta and RF variable importance algorithms; (B) PDP for the effect of birthweight z-
score on deep grey matter volume; (C) PDP for the effect of gestational age at birth on deep grey matter 
volume; (D) PDP for the effect of gestational age at MRI scan on deep grey matter volume; (E) PDP for 
the effect of duration of intubation on deep grey matter volume; (F) PDP for the effect of sex on deep 
grey matter volume; (G) PDP for the effect of breast milk exposure on deep grey matter volume. 
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5.4.5. Prediction of cerebellar volume in preterm infants 
 

Figure 5.5.A illustrates the out-of-sample performance of the RF regression model for 

the prediction of cerebellar volume as a function of the number of features selected by 

the different feature selection algorithms. These data show that feeding a subset of six 

features selected by the RF variable importance algorithm to the RF regression model 

gives the lowest RMSE (RMSE=3.08cm3, MAE=2.18cm3, MAPE=8.75%). Comparing 

the selected model to the naïve model, however, we found that the former is 

significantly better than the latter (d=0.22, p=0.0142). The selected feature subset 

comprises birthweight z-score, GA at birth, GA at MRI scan, sex, SIMD2016 quintile 

and duration of parenteral nutrition which are the jointly most predictive features 

towards the prediction of cerebellar volume in preterm infants. The PDP show that 

cerebellar volume increases with increasing birthweight z-score (Fig. 5.5.B), GA at 

birth and MRI scan (Fig. 5.5.C – D), and higher socioeconomic status (Fig. 5.5.E). In 

addition, longer duration of parenteral nutrition and female sex are associated with 

lower cerebellar volume (Fig. 5.5.F – G).  
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Figure 5.5. Selected model for cerebellar volume. (A) Comparison of out-of-sample LOOCV RMSE 
results of the RF prediction model of cerebellar volume using the features selected by the Boruta and 
RF variable importance algorithms; (B) PDP for the effect of birthweight z-score on cerebellar volume; 
(C) PDP for the effect of gestational age at birth on cerebellar volume; (D) PDP for the effect of 
gestational age at MRI scan on cerebellar volume; (E) PDP for the effect of SIMD2016 on cerebellar 
volume; (F) PDP for the effect of sex on cerebellar volume; (G) PDP for the effect of duration of 
parenteral nutrition on cerebellar volume. 

 

 

5.4.6. Summarizing findings 
 

The findings on the selected feature subsets and performance measures for cerebral 

tissue volumes following preterm birth are summarised in Table 5.2. Figure 5.6 

presents the importance attributed to the selected features by the feature selection 

algorithm used in each model. 
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Table 5.2. Selected feature subsets and performance measures for prediction of cerebral tissue 
volumes following preterm birth. The features are presented in rank order from the most important to 
the least important. 

Cerebral 
volumes 

Selected features RMSE 
(cm3) 

MAE  
(cm3) 

MAPE  
(%) 

 
 
 
 
Total brain  

1. GA at MRI scan 
2. Birthweight z-

score 
3. GA at birth 
4. Sex 
5. Duration of 

intubation 
6. SIMD2016 

quintile 
 

 
 
 
 

29.23 

 
 
 
 

23.89 

 
 
 
 

6.57 

 
 
White matter  

1. Birthweight z-
score 

2. Sex 
3. GA at birth 
4. GA at MRI scan 

 

 
 

14.92 

 
 

11.98 

 
 

7.16 

 
Cortical grey 
matter 

1. GA at MRI scan 
2. Birthweight z-

score 
3. GA at birth 

 

 
 

14.43 

 
 

11.45 

 
 

8.47 

 
 
 
 
Deep grey 
matter 

1. GA at MRI scan 
2. Birthweight z-

score 
3. GA at birth 
4. Duration of 

intubation 
5. Sex 
6. Breast milk 

exposure 
 

 
 
 
 

1.92 

 
 
 
 

1.45 

 
 
 
 

5.54 

 
 
 
 
Cerebellum 

1. GA at MRI scan 
2. Birthweight z-

score 
3. SIMD2016 

quintile 
4. Sex 
5. Duration of 

parenteral 
nutrition 

6. GA at birth 

 
 
 
 

3.08 

 
 
 
 

2.18 

 
 
 
 

8.75 
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Figure 5.6. Feature importance plots with error bars. Importance attributed to each feature of the 
selected feature subsets for prediction of A) total brain volume, B) white matter volume, C) cortical grey 
matter volume, D) deep grey matter volume, and E) cerebellar volumes. Feature importance is 
expressed relative to the maximum. 

 

5.5. Discussion 
 

We used advanced machine learning techniques to identify the perinatal variables that 

are jointly associated with brain volume in a cohort of preterm infants. The results of 

the study show that birthweight z-score, GA at birth, age at scan, and sex, in 

combination with postnatal nutrition, respiratory morbidity, and socioeconomic status 

affect cerebral tissue volumes at term–equivalent age following preterm birth. In line 

with our initial hypothesis, we have demonstrated that different combinations of clinical 

and environmental exposures influence the morphology of brain tissue classes.  

 

Birthweight z-score, GA at birth, and age at MRI scan influence the volume of all brain 

regions under study following preterm birth. Higher birthweight z-score, which reflects 

better fetal growth, was associated with greater volumes in all regions. This is 
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consistent with earlier findings of strong positive associations between birthweight z-

score and global brain volumes at term–equivalent age (Alexander et al., 2019; 

Knickmeyer et al., 2017; Matthews et al., 2018; Nguyen The Tich et al., 2011; 

Thompson et al., 2019a). GA at birth was also an important predictor of total brain 

volume, white matter, cortical grey matter, deep nuclear grey matter, and cerebellar 

volumes; older GA was associated with larger brain volumes. This pattern of greater 

volume reduction with an increasing degree of prematurity aligns with the findings of 

previous reports which have also shown positive associations between GA at birth and 

regional brain volumes at term–equivalent age (Ball et al., 2012; Boardman et al., 

2006; Inder et al., 2005). Other studies, however, have found no associations between 

GA and total tissue volume following preterm birth, which suggests there is 

considerable individual variation (Alexander et al., 2019; Boardman et al., 2007).  

 

Sex was an important predictor of overall brain volume, white matter, deep nuclear 

grey matter, and cerebellar volumes at term–equivalent age, with male sex being 

associated with greater volumes. Our findings replicate previous studies showing that 

sexual dimorphism is present at birth, with males having larger global brain volumes 

than females (Alexander et al., 2019; Gilmore et al., 2007; Kersbergen et al., 2016; 

Matthews et al., 2018; Nguyen The Tich et al., 2011; Ruigrok et al., 2014; Thompson 

et al., 2007, 2019b), and that these differences are sustained through life (Reiss et al., 

2004; Ruigrok et al., 2014). Sexual dimorphism of the brain may be mediated by the 

effects of gonadal hormones, glucocorticoids, and genetic mechanisms on brain 

development during the perinatal period (Le Dieu-Lugon et al., 2020; McCarthy, 2008; 

Owen & Matthews, 2003; Stoye et al., 2020).  
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Our findings demonstrate that a longer duration of intubation while in the NICU is 

associated with reduced total brain and deep grey matter volume. The duration of 

intubation is a proxy for the severity of respiratory illness, so the results provide further 

evidence for an association between lung disease and brain development. This finding 

aligns with previous studies which have also shown the negative impact of respiratory 

illness on brain growth at term and that prolonged duration of assisted ventilation and 

oxygen exposure adversely affects cerebral development leading to decreased 

cerebral volumes (Boardman et al., 2007; Kersbergen et al., 2016; Nguyen The Tich 

et al., 2011; Thompson et al., 2007). Ball et al. (2010) have demonstrated that BPD 

also affects the microstructure of the brain. These results together indicate that 

respiratory illness is an important risk factor for adverse neurocognitive development 

in preterm infants. 

 

This study highlights the important role of early postnatal nutrition for improved brain 

development after preterm birth. In this cohort of preterm infants, prolonged duration 

of parenteral nutrition was associated with smaller cerebellar volume, in line with 

previous reports in the literature of negative association between the duration of non–

enteral feeds and cerebral tissue volumes at term–equivalent age (Binder et al., 2021; 

Brouwer, Kersbergen, van Kooij, et al., 2017; Coviello et al., 2018; Kidokoro et al., 

2014; Parikh et al., 2013). The cerebellum is particularly vulnerable to environmental 

exposures, including nutrition, thought to be due to its exponential growth during the 

third trimester of gestation (Volpe, 2009). Optimal nutrient intake during the neonatal 

period is crucial for enhanced brain growth and maturation (Beauport et al., 2017; 

Boardman & Counsell, 2020; Coviello et al., 2018; J. Schneider et al., 2018). However, 

preterm infants requiring prolonged parenteral nutrition, which usually reflects a more 
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severe neonatal course, are at increased risk of nutritional deficits (Binder et al., 2018; 

Wang et al., 2021), which can lead to altered brain structure (Ramel & Georgieff, 

2014).  

 

We found that higher exposure to breast milk feeding while in the NICU is positively 

associated with deep nuclear grey matter volume. Studies in the extant literature have 

shown that breast milk feeding following preterm birth, as opposed to formula feeds, 

is associated with improved white matter and cortical maturation (Blesa et al., 2019; 

Pogribna et al., 2013; Schneider et al., 2018; Sullivan et al., 2022), and improved 

neurodevelopmental outcomes at pre-school age and beyond (Belfort et al., 2016; 

Lechner & Vohr, 2017; Luby et al., 2016; J. Miller et al., 2018; Parker et al., 2021). Our 

study supports recent work demonstrating that a longer duration of breast milk feeding 

in early life is associated with greater regional brain volumes, especially in the deep 

nuclear grey matter, amygdala, hippocampus, and cerebellum (Belfort et al., 2016; 

Belfort & Inder, 2022; Ottolini et al., 2020), offering a potential mechanism for the 

beneficial effects of breast milk feeding on neurodevelopmental outcomes. Luby et al. 

(Luby et al., 2016) have previously reported that the beneficial effects of breastmilk 

feeding on preschool children’s Intelligence Quotient (IQ) are mediated through 

subcortical grey matter volume. The results are consistent with a growing body of 

literature showing that breast milk nutrition is associated with a favourable pattern of 

brain development in preterm infants. 

 

Finally, the results show that neighbourhood deprivation is associated with decreased 

total brain volume at term–equivalent age, which is driven by a reduction of cerebellar 

volume. Most studies investigating the relationship between social factors and cerebral 
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tissue volumes have focused on school-aged children and adolescents (Hanson et al., 

2011, 2013; Jednoróg et al., 2012; Merz et al., 2018). Our study, however, is one of 

the very few studies to have explored the association between socioeconomic status 

and brain structure at term–equivalent age (Betancourt et al., 2016; Jha et al., 2019; 

Knickmeyer et al., 2017; Lu et al., 2021; Thompson et al., 2019b; Triplett et al., 2022). 

Previous studies have demonstrated that the prefrontal cortex, hippocampi, and 

amygdalae are the most susceptible brain regions to the influence of socioeconomic 

disadvantage, due to their high levels of glucocorticoid receptors (S. B. Johnson et al., 

2016). However, a recent study by Lu et al. (Lu et al., 2021) investigating fetal brain 

development, as well as studies on preschool and school-age children, and healthy 

adults have shown that early deprivation affects the development of the cerebellum 

(Bauer et al., 2009; Cavanagh et al., 2013; Stiver et al., 2015). The pathway remains 

unclear, but high levels of stress during pregnancy (S. B. Johnson et al., 2016), poor 

nutrition (Cortés-Albornoz et al., 2021), limited access to proper prenatal care and 

health services (Lee et al., 2016; Paredes et al., 2005), as well as exposure to 

environmental toxins or harmful substances such as air pollution (Herting et al., 2019) 

and cigarette smoking during pregnancy (Ekblad et al., 2015) are possible 

mechanisms explaining the impact of neighbourhood deprivation on total brain volume 

and cerebellar volume during late gestation and the early postnatal period.  

 

This study is the first to develop advanced machine learning models for the prediction 

of total brain, white matter, cortical and deep nuclear grey matter, and cerebellar 

volumes. The main strength of our study is that we had a longitudinal cohort of preterm 

infants that enabled us to investigate a large number of clinical, demographic, and 

social variables. In addition, the use of non-parametric techniques enabled us to 
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explore non-linear relationships between brain volumes and the predictor variables, 

and thus, to accurately identify the combination of pre- and perinatal exposures that 

affect brain growth. We acknowledge some limitations in our study. The sample size 

is relatively small, and some features (i.e., NEC, ROP) may have not been selected 

as important due to low frequency in our sample. Finally, we have not been able to 

test replication in an independent cohort due to differences in data harmonisation 

inherent to multisite scanning. 

 

This study revealed that a combination of clinical and environmental exposures best 

predicts cerebral tissue volumes at term–equivalent age following preterm birth. 

Potentially modifiable risk factors, including postnatal nutrition, respiratory morbidity, 

and socioeconomic status of the family, affect the brain volume of preterm infants at 

term–equivalent age. Neuroprotective strategies and preventive interventions should 

aim to optimise nutritional support of preterm infants, use ventilation strategies that 

minimise respiratory morbidity, and alleviate parental socioeconomic hardships.  

 

In addition to perinatal practices, which significantly impact brain development in 

preterm infants, long-term neurodevelopmental outcomes can also be improved 

through developmental programmes and support services during early childhood 

(Spittle et al., 2015). So, our next aim was to develop a machine learning model 

comprising perinatal clinical, environmental, and brain imaging features to timely 

identify preterm infants at high risk of language impairment, who may benefit from 

targeted early interventions.
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CHAPTER 6: PREDICTION OF LANGUAGE OUTCOME 

FOLLOWING PRETERM BIRTH 

 

6.1. Introduction 
 

This chapter comprises an article titled “Language Function Following Preterm Birth: 

prediction using Machine Learning”, published in the peer-reviewed journal Pediatric 

Research. The findings of this study were also presented at the Pediatric Academic 

Societies (PAS) 2021 Virtual Meeting, where it received the Student Research Award 

from the Society of Pediatric Research.   

 

I, Evdoxia Valavani, conceived the idea of the published article with the help of co-

authors, Athanasios Tsanas and James P Boardman. Additionally, I wrote the 

manuscript, analyzed the data and interpreted the results. Manuel Blesa and Paola 

Galdi conducted the image analysis. Co-authors, Manuel Blesa, Paola Galdi, Bethan 

Dean, Hilary Cruicksank, and Magdalena Sitko-Rudnicka collected the data. All 

authors edited the manuscript and approved the final version of the published article. 

 

The current study has contributed to address the overarching objective of this thesis, 

which is to identify the early life exposures that affect the development of the preterm 

brain and subsequent neurodevelopmental outcomes. Specifically, our aim has been 

to identify which perinatal factors are predictive of future language development, thus 

timely detecting which preterm infants are at high risk of delay and potentially 

improving perinatal practices and targeting interventions.  
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This study addresses the second objective of the thesis, which is to develop a machine 

learning model that accurately predicts which preterm infants are at high risk of 

language impairment at two years CGA and who may benefit from targeted early 

interventions and support services. We tested our initial hypothesis that a machine 

learning model combining clinical, environmental, and brain imaging features would 

outperform existing statistical models in predicting language outcomes following 

preterm birth (see Section 2.4). This chapter presents in detail the methodology used, 

the findings, as well as the clinical and research implications of the study. 
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6.2. Published journal manuscript 
 

Language Function Following Preterm Birth:  

prediction using Machine Learning 

 

Evdoxia Valavani1, Manuel Blesa2, Paola Galdi2, Gemma Sullivan2, Bethan Dean2, 

Hilary Cruickshank3, Magdalena Sitko-Rudnicka4, Mark E. Bastin5, Richard F. M. 

Chin6,7, Donald J. MacIntyre8, Sue Fletcher-Watson9, James P. Boardman2,5, and 

Athanasios Tsanas1 

1 Usher Institute, Medical School, University of Edinburgh, Edinburgh, UK 

2 MRC Centre for Reproductive Health, University of Edinburgh, Edinburgh, UK 

3 NHS Lothian-Neonatal Physiotherapy, Royal Infirmary of Edinburgh, Edinburgh, UK 

4 NHS Lothian-Neonatology, Royal Infirmary of Edinburgh, Edinburgh, UK 

5 Centre for Clinical Brain Sciences, University of Edinburgh, Edinburgh, UK 

6 Muir Maxwell Epilepsy Centre, Centre for Clinical Brain Sciences, University of 

Edinburgh, Edinburgh, UK 

7 Royal Hospital for Sick Children, Edinburgh, UK 

8 Division of Psychiatry, Deanery of Clinical Sciences, Royal Edinburgh Hospital, 

University of Edinburgh, Edinburgh, UK 

9 Salvesen Mindroom Research Centre, University of Edinburgh, Edinburgh, UK 

 
 
Impact: 

• A combination of clinical perinatal factors and neonatal DTI measures of white 

matter microstructure leads to accurate prediction of language outcome at 2 

years corrected gestational age following preterm birth. 
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• A model that comprises clinical and MRI features that has potential to be 

scalable across centres. It offers a basis for enhancing the power and 

generalisability of diagnostic and prognostic studies of neurodevelopmental 

disorders associated with language impairment. 

• Early identification of infants who are at risk of language delay, facilitating 

targeted early interventions and support services, which could improve the 

quality of life for children born preterm. 

 

Abstract 
 

Background  

Preterm birth can lead to impaired language development. This study aimed to predict 

language outcomes at two years corrected gestational age (CGA) for children born 

preterm.  

Methods  

We analysed data from 89 preterm neonates (median GA 29 weeks) who underwent 

diffusion MRI (dMRI) at term-equivalent age and language assessment at two years 

CGA using the Bayley-III. Feature selection and a random forests classifier were used 

to differentiate typical versus delayed (Bayley-III language composite score<85) 

language development.  

Results  

The model achieved balanced accuracy:91%, sensitivity:86%, and specificity:96%. 

The probability of language delay at two years CGA is increased with: increasing 
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values of peak width of skeletonised fractional anisotropy (PSFA), radial diffusivity 

(PSRD), and axial diffusivity (PSAD) derived from dMRI; among twins; and after an 

incomplete course of, or no exposure to, antenatal corticosteroids. Female sex and 

breastfeeding during the neonatal period reduced the risk of language delay. 

Conclusion  

The combination of perinatal clinical information and MRI features leads to accurate 

prediction of preterm infants who are likely to develop language deficits in early 

childhood. This model could potentially enable stratification of preterm children at risk 

of language dysfunction who may benefit from targeted early interventions. 

 

Introduction 

An estimated 15 million infants are born preterm (before 37 weeks of gestation) 

annually worldwide.1 Although advances in neonatal intensive care have led to a 

decrease in infant mortality rates over time, survivors of preterm birth are at increased 

risk of long-term neurocognitive impairment.2 Preterm birth may lead to language 

deficits that persist into school age3 and are associated with a range of negative 

sequelae across the life span, including poor academic performance, poor social, 

emotional and behavioural functioning, and unemployment.4,5 Neurodevelopmental 

trajectories are amenable to early interventions, which presents a window of 

opportunity to have a profound, long-lasting effect on later life.6 Therefore, there is a 

clear unmet clinical need for early identification of those children who are at high risk 

of poor language development. 
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Multiple outcome studies have demonstrated associations between prenatal, neonatal 

and postnatal factors, and early neurodevelopmental outcomes for preterm infants.7,8 

In addition, preterm birth is closely associated with generalised microstructural 

changes in cerebral white matter,  inferred from diffusion tensor imaging (DTI) 

(fractional anisotropy [FA], mean, axial, and radial diffusivities [MD, AD, RD]) and 

alterations in these have been linked to language delay.9 However, it is rare for 

research to combine data from different modalities for the development of prediction 

models for neurodevelopmental outcomes. 

Nonetheless, a few studies have built and validated tools for prediction of the 

composite outcome of neurodevelopmental impairment at 2 years corrected 

gestational age (CGA) for children born preterm. Tyson et al.10 investigated the clinical 

and demographic characteristics of a cohort of infants born before 26 weeks of 

gestation and found that the risk of adverse neurodevelopmental outcome at 18 to 22 

months CGA was predicted using gestational age (GA), sex, exposure to antenatal 

corticosteroids, multiple birth and birth weight. Ambalavanan et al.11 reported that 

neurodevelopmental impairment at 18 to 22 months CGA was predicted by combining 

sex, respiratory illness severity, and enlarged ventricular size, periventricular 

leukomalacia or porencephalic cyst on cranial ultrasound. Vesoulis et al.12 developed 

a tool for prediction of risk of neurodevelopmental impairment at 18 to 24 months CGA. 

This tool comprised ventilator days, mode of delivery, exposure to antenatal 

corticosteroids, retinopathy of prematurity (ROP) requiring surgery, and magnetic 

resonance imaging (MRI) findings (cerebellar haemorrhage size, cerebellar 

haemorrhage laterality, intraventricular haemorrhage grade, white matter injury).  
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However, deficits in different developmental domains require different therapies and 

targeted support strategies. Thus, tools for stratification of children at high risk of 

impairment in specific developmental domains would be valuable. Recently, Vassar et 

al.13 evaluated the predictive value of structural MRI and DTI variables for classification 

of very preterm infants at high versus low risk of language delay. They developed a 

model for prediction of language delay that included DTI variables in three brain 

regions and achieved 89% sensitivity and 86% specificity. Ball et al.14 revealed that 

distinct patterns of brain structure and microstructure following preterm birth are linked 

to specific clinical and environmental factors, and these patterns correlate with 

neurodevelopmental outcome at 18 to 24 months CGA. Language outcome was 

associated with specific neuroanatomic variation, which was linked to: age at scan, 

need for continuous positive airway pressure, birth weight, GA at birth, parenteral 

nutrition, surfactant administration, and mechanical ventilation.  

In view of this evidence, we hypothesised that a combination of clinical, environmental 

and imaging factors derived from DTI that capture generalised white matter 

dysmaturation would potentially enhance the prediction of language outcomes at 2 

years CGA following preterm birth. Blesa et al.15 demonstrated that histogram-based 

variables derived from DTI (peak width of skeletonised [PS] -FA, -MD, -RD, and -AD), 

which represent generalised water content and myelination, can be used as 

biomarkers of microstructural white matter alterations associated with preterm birth. 

The advantage of the histogram-based framework is that it is fully automated, captures 

generalised white matter dysmaturation which characterises the encephalopathy of 

prematurity, is computationally inexpensive compared with tract-specific approaches, 

and has high inter-scanner reproducibility.16 
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A prediction tool that combines clinical data and imaging biomarkers for early language 

development is lacking, and yet timely identification of future language deficits has 

clinical and research implications, because it could stratify infants at most need for 

early interventions. Here, we aimed to develop a machine learning model that 

accurately predicts typical versus delayed language outcomes at 2 years CGA using 

a parsimonious feature set derived from clinical, demographic, and histogram-based 

variables computed from neonatal brain DTI. 

Methods 

Participants 

Participants were selected from a longitudinal cohort of preterm neonates born at ≤33 

weeks of gestation at the Royal Infirmary of Edinburgh between February 2012 and 

August 2015.17 Selection from the larger cohort was based on availability of diffusion 

MRI (dMRI) scans at term-equivalent age and 2-year language outcome. Ethical 

approval was obtained from the UK National Research Ethics Service (NRES), South 

East Scotland Research Ethics Committee (NRES numbers 11/55/0061 and 

13/SS/0143). Written informed consent from parents/carers was obtained for all 

neonates. Exclusion criteria for the study were congenital anomalies, chromosomal 

abnormalities, congenital infections or major overt parenchymal lesions (cystic 

periventricular leukomalacia, haemorrhagic parenchymal infarction), and post-

haemorrhagic ventricular dilatation. Infants with a contraindication to MRI at 3 Tesla 

were also excluded. 
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Clinical and Demographic Features 

The selection of clinical and demographic features included in models was guided by 

extant literature linking biological and environmental exposures with neurocognitive 

development in preterm infants. Specifically, we studied the contribution towards 

prediction of language outcome at two years CGA of the following features: 

sex,10,11,18,19 GA (based on first trimester ultrasound),10,18 birth weight,10,20 maternal 

age,21 primiparity,19 twin status,10,20 maternal Body Mass Index (BMI),22 medical 

history of maternal depression,23 administration of a complete course of antenatal 

corticosteroids for fetal lung maturation (defined as two doses 24 hours apart), any 

antenatal corticosteroid exposure,10,12,19,20 administration of antenatal magnesium 

sulphate (MgSO4) for neuroprotection,24 mode of delivery (spontaneous vaginal 

delivery [SVD] or caesarean section),19 total days requiring intubation whilst in the 

Neonatal Intensive Care Unit (NICU),11,12,18 Bronchopulmonary Dysplasia (BPD, 

defined as oxygen requirement at ≥36 weeks CGA),19,20,25,26 late onset sepsis (LOS, 

defined as blood stream infection occurring ≥72 hours postnatally with (a) bacterial 

pathogen isolated from blood culture, or (b) blood culture growing coagulase negative 

staphylococcus, along with one or more signs of generalised infection, and treatment 

with intravenous antibiotics for 5 or more days),20 Necrotizing Enterocolitis (NEC, 

defined as stages two or three according to the modified Bell’s staging for NEC27),25,28 

ROP treated with laser therapy,12,29 and type of infant feeding at discharge from the 

neonatal unit (dichotomised as exclusive maternal breast milk versus exclusive 

formula or mixed feeding).30 All infants had placental histopathology performed and 

histological chorioamnionitis was defined using an established system.31 Maternal 

level of education (dichotomised as secondary school or below versus college, 

university or postgraduate studies),18–20 and socioeconomic status of the family, 



                                                                                                 Prediction of language outcome 
  

  106 

operationalised as Scottish Index of Multiple Deprivation 2016 (SIMD16) quintile, 

where 1 indicates the most deprived and 5 indicates the least deprived 

(https://www2.gov.scot/Topics/Statistics/SIMD), were also included. 

 
Image Acquisition 

Infants underwent a brain MRI scan at term-equivalent age (38-42 weeks’ GA) without 

sedation, during natural sleep after having been fed and swaddled. Vital signs were 

monitored throughout the scan, and hearing protection was provided for all neonates 

(MiniMuffs, Natus). All scans were supervised by a physician and a paediatric nurse 

trained in neonatal resuscitation. 

A Siemens MAGNETOM Verio 3-Tesla MRI clinical scanner (Siemens Healthcare 

Gmbh, Erlangen, Germany) and 12-channel phased-array head coil were used to 

acquire dMRI data consisting of 11 T2-and 64 diffusion-weighted (b=750 s/mm2) 

single-shot, spin-echo, echo planar imaging volumes collected in the axial plane with 

2 mm isotropic voxels (TR=7300 ms, TE= 06 ms, FOV=256 mm, acquired 

matrix =128×128, 50 contiguous interleaved slices with 2 mm thickness, acquisition 

time=9 min 29 s). 

 

Image Analysis 

For each participant the dMRI was denoised using a Marchenko-Pastur-PCA-based 

algorithm;32,33 eddy current and head movement were corrected using outlier 

replacement34–36 and bias field inhomogeneity correction was performed by calculating 

the bias field of the mean b0 volume and applying the correction to all the volumes.37 

https://www2.gov.scot/Topics/Statistics/SIMD
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For each participant, PSFA, PSMD, PSRD, PSAD were calculated using age-

optimised methods described by Blesa et al.15 In summary, image data were 

registered to the Edinburgh Neonatal Atlas50 (ENA50)15 using a tensor registration,38 

and their DTI maps were calculated. Subsequently, the individual FA maps were 

projected into the template skeleton and multiplied by the atlas custom mask. Finally, 

the peak width of the histogram values within the skeletonised maps was calculated 

as the difference between the 95th and 5th percentiles.16 Figure 6.1 illustrates a 

summary of the process described. The code necessary to calculate histogram-based 

metrics can be found at https://git.ecdf.ed.ac.uk/jbrl/psmd. Figure 6.2 shows scatterplots 

of the values of the peak width of skeletonised DTI metrics for all participants. 

 

 

Figure 6.1. Scheme of the steps necessary for the calculation of the peak width of skeletonised 
DTI metrics. First, participants are registered to a template, then skeletonised and multiplied by a mask 
to calculate the histogram. 

https://git.ecdf.ed.ac.uk/jbrl/psmd
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Figure 6.2. Scatterplots of the PSFA, PSMD, PSAD, and PSRD values for all participants. PSFA 
peak width of skeletonised fractional anisotropy, PSMD peak width of skeletonised mean diffusivity, 
PSAD peak width of skeletonised axial diffusivity, PSRD peak width of skeletonised radial diffusivity. 
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Language Outcome 

All children took part in a developmental assessment with a trained clinician at 2 years 

CGA (median age 24.13, range 23.1-28.27 months) using the Bayley Scales of Infant 

and Toddler Development, Third Edition (Bayley-III).39 We used the Bayley-III 

language composite score (mean 100, SD 15) as the response variable. The clinical 

cut-off of 85 (i.e. 1 SD below the mean) was used in order to assign children into two 

distinct groups, thus creating a binary outcome; children whose score was below 85 

were considered to have moderate to severe language impairment, while scores equal 

to or greater than 85 were considered as normal-range or higher.40 

 

Data Analysis 

We compared three feature selection algorithms: (a) Boruta,41 (b) ReliefF 

expRank,42,43 and (c) Random forests (RF) variable importance.44 The Boruta 

algorithm is a wrapper feature selection technique built around the random forests 

learner, which uses Z score as the importance measure. In other words, it measures 

the importance of each feature by dividing the average loss of accuracy among all 

trees by the standard deviation of the accuracy loss. The basic idea of the ReliefF 

algorithm is to assign a ‘weight’ value to all features of a dataset based on how well 

their values distinguish between the instances that are near to each other and thus, 

how useful they are in predicting the response variable. The important features will 

have a large weight, while the redundant ones will have a low weight. In random forests 

variable importance, variable importance is computed using the mean decrease in Gini 

index. We can measure the total amount that the Gini index is decreased by splits over 
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a given feature, averaged over all trees. A large value indicates an important feature. 

In all cases, we obtain a feature ranking indicating in descending order their 

contribution towards prediction of the response variable. The final feature subset for 

each feature selection algorithm was selected using Leave-One-Out Cross-Validation 

(LOOCV), using only the training dataset in each cross-validation iteration and 

following the process described by Tsanas et al.45 Subsequently, the selected feature 

subset was presented into a RF classifier46 in order to predict the binarised language 

composite score. Partial Dependence Plots (PDP)47 were constructed in order to 

assess how the selected features influence the prediction of the RF classifier. To 

quantify the strength of the association between the selected features, we used 

correlation analysis (the Spearman’s rank correlation coefficient was used to quantify 

the strength of the association between two continuous features, the phi coefficient 

was used to quantify the association between two binary features, and the point-

biserial correlation coefficient was used to quantify the strength of the association 

between a continuous and a binary feature). 

The dataset is imbalanced since only 16% of the study group had a language 

composite score below 85. To overcome the class imbalance problem in the dataset, 

we explored different data balancing techniques; under-sampling of the majority class, 

over-sampling of the minority class, and  the synthetic minority over-sampling 

technique (SMOTE),48 which has been previously used in similar unbalanced 

applications in the healthcare domain,49–53 We found that SMOTE yields the best 

results, which are presented in the paper. SMOTE is a training data enrichment 

method, where the minority class is over-sampled by creating new synthetic samples, 

to create a balanced dataset. For each minority class sample, the k minority class 

nearest neighbours were identified (using the suggestion of Chawla et al. with k=5) 
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and synthetic samples were introduced along the line segments joining any or all of 

the k minority class nearest neighbours. Model validation was implemented using 

LOOCV. LOOCV involves holding out a single observation to be used as the test set, 

while the learner is trained using the remaining n-1 observations (n is the total number 

of observations). The process is repeated n times and each time a different 

observation from the original dataset is used as the test set. The result is n estimates 

of the test error. The final test error rate is the average of these n test error estimates. 

The accuracy of the model was assessed by constructing a confusion matrix which is 

a contingency table of the observed and predicted classes. Missing data for both 

numeric and categorical features were imputed using multiple imputation by chained 

equations (five imputed datasets were created in each LOOCV iteration),54,55 based 

only on the information in the training set independently within each LOOCV iteration. 

Data analysis was conducted in R. The R packages used were: tidyverse, dplyr, caret, 

randomForest, CORElearn, Boruta, mice, ggplot2, DMwR, Hmisc, RGraphics, grid, 

gridExtra, gridGraphics. 

 

Results 

Two-year language data and dMRI of the brain at term equivalent age were available 

from 89 children; demographic and clinical characteristics of the study population are 

presented in Table 6.1. At median age 24.13 months (range 23.24-28.27 months), 14 

children had a language composite score below 85. The percentage of missing values 

in the dataset was 0.2% (one participant had missing histological chorioamnionitis 

data, two participants had missing SIMD16 and three participants had missing 

maternal BMI). 
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Figure 6.3 illustrates the out-of-sample performance of the RF classifier (trained on 

approximately 150 samples in each LOOCV iteration) as a function of the number of 

features selected by the different feature selection algorithms. These data show that 

feeding a subset of eight features selected by the Boruta feature selection algorithm 

(a wrapper feature selection technique built around the RF learner) to the RF classifier 

gives the highest balanced accuracy. The selected feature subset comprises PSFA, 

twin status (yes or no), antenatal steroid exposure (complete or incomplete course), 

any antenatal steroid exposure (yes or no), sex (male or female), PSRD, PSAD, and 

feeding at discharge from the NICU (exclusive maternal breast milk versus exclusive 

formula or mixed feeding). Figure 6.4 shows the importance attributed to each feature 

by each of the feature selection algorithms. PSFA, twin status, the course of antenatal 

steroid exposure, any antenatal steroid exposure, sex, PSRD, PSAD, and feeding are 

the jointly most predictive features towards the prediction of the binarised language 

outcome. PDP were used to visualise relationships between the selected features and 

the response based on our model (see Figure 6.5). The PDP provide insight into the 

effect of changing one or two features in terms of the model’s prediction (binary 

response variable, indicating whether language composite score <85). Regarding the 

histogram-based variables derived from DTI, the PDP show that the predicted 

language impairment probability rises with increasing PSFA, PSRD, and PSAD values. 

PSRD and PSAD are presented in the same plot because they are highly correlated 

as illustrated in the correlogram and correlation matrix in Figure 6.6. Language 

composite score <85 at 2 years CGA is more likely following a twin pregnancy, an 

incomplete course of antenatal corticosteroids, or no exposure to antenatal steroids. 

Female sex and feeding with exclusive breast milk reduce the risk of future language 

delay. 
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Table 6.2 shows the confusion matrix of the out-of-sample classification performance 

of the RF classifier when mapping the selected feature subset (i.e., PSFA, twin status, 

antenatal corticosteroid exposure, sex, PSRD, PSAD, and feeding at discharge) to the 

binarised language composite score. Our model achieved balanced accuracy: 91%, 

sensitivity: 86%, and specificity: 96%. 

 

Finally, we repeated the analysis to investigate separately the performance of the 

model when presented only with either clinical or MRI features, which led to reduced 

model performance. As shown in Table 6.3, the model that comprises clinical and MRI 

features outperformed the models using only clinical or MRI features. The combination 

of clinical and DTI features enhances the prediction of language outcomes at 2 years 

CGA following preterm birth. 

 

Table 6.1. Demographic and clinical characteristics of the study group. 

Characteristics Neonates with 
language composite 
score ≥ 85 (N=75) 

Neonates with 
language composite 
score < 85 (N=14) 

Antenatal   
Any antenatal corticosteroids 73 (97) 11 (79) 
Complete course of antenatal 
corticosteroids 

56 (75) 5 (36) 

Antenatal MgSO4 for fetal 
neuroprotection 

39 (52) 8 (57) 

Perinatal   
Sex 
    Male 
    Female 

 
35 (47) 
40 (53) 

 
12 (86) 
2 (14) 

GA (weeks) 28.84±3.28 
(23.28-33) 

28.92±2.18 
(23.28-30.28) 

Birth weight (grams) 1137±376.5 (568-
1500) 

1040±410 (550-1635) 

Birth weight z score -0.16±1.15 (-2.63-
1.17) 

0.12±1.30 (-1.77-1.0) 

Apgar score at 5 minutes 7.5±2 (2-9) 8±2 (5-9) 
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Mode of delivery 
    SVD 
    Caesarean section  

 
32 (43) 
43 (57) 

 
3 (21) 
11 (79) 

Primiparity 52 (69) 8 (57) 
Twin status 21 (28) 10 (71) 
Postnatal   
BPD 25 (33) 6 (43) 
LOS 20 (27) 5 (36) 
NEC 5 (7) 0 (0) 
ROP 5 (7) 1 (7) 
Histologic chorioamnionitis 22 (31) 3 (21) 
Days of intubation 1±5.5 (0-39) 1±1 (0-43) 
Feeding at discharge 
    Exclusive maternal breast milk 
    Exclusive formula or mixed 
feeding 

 
36 (48) 
39 (52) 

 
2 (14) 
12 (86) 

Demographics   
Maternal race 
    Asian 
    White 
    White/Asian 
    White/Black 
    Other mixed 

 
5 (6) 
66 (88) 
1 (1) 
2 (2) 
1 (1) 

 
0 (0) 
13 (93) 
0 (0) 
1 (7) 
0 (0) 

Maternal age (years) 32±8 (17-43) 33±8 (23-40) 
Maternal BMI 24.7 ±4.5 (17.4-43) 24.1±6.9 (18-30.9) 
Medical history of maternal 
depression 

10 (13) 1 (7) 

Maternal education    
    Secondary school or below 
    College/University/postgraduate        
studies                        

 
33 (44) 
42 (56) 

 
6 (43) 
8 (57) 

SIMD16 quintile   
    1 
    2 
    3 
    4 
    5 

 
8 (11) 
23 (32) 
11 (15) 
12 (16) 
19 (26) 

 
3 (21) 
3 (21) 
3 (21) 
3 (21) 
2 (14) 

Histogram-based variables 
derived from DTI  

  

PSFA 0.3±0.03 (0.25-0.37) 0.32±0.02 (0.24-0.36) 
PSMD 0.63±0.07 (0.49-0.79) 0.61±0.07 (0.49-0.79) 
PSRD 0.71±0.09 (0.54-0.88) 0.72±0.07 (0.6-0.83) 
PSAD 0.77±0.08 (0.68-0.89) 0.76±0.09 (0.69-0.91) 
Bayley-III   
Language composite score 100±24 (86-132) 77±11 (56-83) 

 
Variables are presented in the form median ± IQR (range) or number (%).  
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Figure 6.3. Comparison of out-of-sample LOOCV balanced accuracy results of the random forests 
classifier using the features selected by each of the three feature selection algorithms. 
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Figure 6.4. Feature importance plots. A) Importance attributed to each feature by the Boruta 
algorithm. The first eight features coloured in blue (PSFA, twin status, course of antenatal steroids, any 
antenatal steroids, sex, PSRD, PSAD, feeding at discharge) are the jointly most predictive features 
towards the prediction of language outcome. B) Importance attributed to features by RF variable 
importance. C) Importance attributed to features by ReliefF expRank. Computation of feature 
importance depends on the feature selection algorithm used and is expressed relative to the maximum. 
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Figure 6.5. Partial dependence plots for the eight features selected by Boruta and used in the 
random forests classifier. A) The predicted language impairment probability rises with increasing 
PSFA values. B) 3D plot of PSRD and PSAD. The predicted language impairment probability rises with 
increasing PSRD, and PSAD values. C) A twin pregnancy increases the predicted probability of 
language impairment. D) An incomplete course of antenatal corticosteroids increases the predicted 
probability of language impairment. E) No exposure to any antenatal steroids increases the predicted 
probability of language impairment. F) Female sex reduces the predicted probability of language 
impairment. G) Feeding with exclusive breast milk reduce the predicted probability of language 
impairment. Language composite score <85 at 2 years CGA is more likely following a twin pregnancy, 
an incomplete course of antenatal corticosteroids, or no exposure to any antenatal steroids. Female 
sex and feeding with exclusive breast milk reduce the risk of future language delay. 
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Figure 6.6. Correlogram and correlation matrix of the eight most important features selected by 
the Boruta algorithm. p<.05 ‘*’, p<.01 ‘**’, p<.001 ‘***’, p<.0001 ‘****’. 

 

Table 6.2. Confusion matrix summarizing the out-of-sample findings using LOOCV. 

Prediction Reference  

Language composite 
score <85 

Language composite 
score ≥85 

Language composite 
score <85 

12 (14%) 3 (3%) 

Language composite 
score ≥85 

2 (2%) 72 (81%) 

 

Table 6.3. Model performance using (a) only clinical features, (b) only MRI features, and (c) the 
combination of clinical and MRI features. 

Models Balanced 

accuracy 

Sensitivity Specificity 

Clinical features 83% 79% 87% 
MRI features 81% 86% 76% 
Clinical and DTI 
features 

91% 86% 96% 
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Discussion 

We developed a parsimonious machine learning model which accurately identifies 

preterm infants who are likely to develop language impairment in early childhood. We 

explored the predictive value of 24 clinical, demographic and brain imaging features, 

and found that a robust subset of eight clinical characteristics and imaging biomarkers 

best predicts a language composite score below 85 on the Bayley-III: PSFA, PSRD, 

PSAD, twin status, administration of an incomplete course of antenatal corticosteroids, 

no exposure to antenatal corticosteroids, male sex, and feeding with exclusive formula 

milk or mixed formula and breast milk. Overall, we demonstrated out-of-sample 

balanced accuracy: 91%, sensitivity: 86%, and specificity: 96%. 

 

Feature selection was conducted by comparing three feature selection algorithms: (a) 

Boruta, (b) ReliefF expRank, and (c) RF variable importance. Feature selection 

methods can be broadly considered into three main categories: filter, wrapper, 

embedded methods. Filter feature selection methods work independently of a 

statistical learner relying on the general statistical properties of the data, and thus 

select a feature subset which is not tuned or optimised towards a specific learning 

algorithm. Wrapper methods take a particular machine learning method into account 

in order to choose the best subset of the original features. They evaluate multiple 

models by training and testing in the feature space, thus optimizing the performance 

of the particular machine learning model that was used. Embedded methods choose 

the subset of features while the learning model is being constructed. This means that 

the resulting feature subset is specific to a particular learning algorithm. We chose to 

use a feature selection algorithm from each main category for our exploration; ReliefF 

is a filter technique, Boruta is wrapper feature selection technique built around the 
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random forests learner, and RF variable importance is an embedded method. The use 

of ReliefF and the RF importance have been extensively used and validated in many 

different applications and we have previously conducted a thorough empirical study56 

where they performed very competitively against many established feature selection 

approaches. In general, we would expect a wrapper or embedded method to perform 

better for a particular choice of a classifier, although it might not necessarily generalise 

very well with the choice of different classifiers.” 

 

Our findings suggest that PSFA, PSRD, and PSAD, which detect generalised white 

matter microstructural alterations in preterm infants compared to infants born at term,15 

are predictive of impaired language development at two years CGA. We explored the 

predictive value of whole brain measures of peak width of skeletonised DTI metrics, 

instead of tract specific segmentations, because preterm brain dysmaturation is a 

substantially generalised process,57 and language development draws on broad 

cognitive capacities. We have found that the probability of language delay is higher 

with increased PSFA, PSRD, and PSAD. These features are consistent with delayed 

myelination, less coherent white matter organisation, and altered axonal integrity in 

the preterm brain.15,58 Previous research has also shown that abnormalities in brain 

structure following preterm birth are correlated with long-term neurodevelopmental 

outcome.59  

 

The data show that twin status is associated with increased risk of impaired language 

development. This finding is consistent with studies in the extant literature which have 

found that multiple pregnancy is associated with neurodevelopmental 

impairment10,20,60 and language delay61 at 2 years CGA. Language delay in twins can 
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be attributed to postnatal environmental factors;62,63 twins receive a less focused and 

less elaborated communicative interchange with their parents than do singletons. 

Thorpe et al.62 compared families with twins to families with pairs of closely spaced 

singletons. This study found that language delay in twins compared to singletons may 

be explained by patterns of parent-child interaction and communication. 

 

Moreover, previous work has shown that exclusive breast milk feeding in the weeks 

following preterm birth can enhance brain development,30 and in the general 

population breast milk intake in infancy is associated with improved performance on 

intelligence tests.64 In line with this, we found that exclusive breastfeeding is 

associated with improved language outcomes compared to formula feeding or mixed 

breast and formula feeding. It is surprising that GA at birth was not included in the final 

feature set. However, its influence on long-term outcome may be captured by PSRD 

and PSAD which are strongly correlated with GA at birth.15 

 

This study is the first to investigate the use of peak width of skeletonised DTI metrics 

as predictors for language development in the preterm population. The advantage of 

using these image biomarkers is that their calculation is fully automated, 

computationally inexpensive, and has high inter-scanner reproducibility,16 meaning 

that they can be easily obtained for preterm neonates who undergo a dMRI scan at 

term-equivalent age and can be used for multi-centre studies. Thus, our model 

comprises features which can be easily obtained for future clinical application. 

 

Hitherto, few studies have focused on developing and validating prediction models for 

early neurodevelopmental outcomes for children born preterm. Most tools predict the 



                                                                                                 Prediction of language outcome 
  

  122 

composite outcome of neurodevelopmental impairment.10–12 However, deficits in 

different developmental domains require different interventions. Therefore, tools for 

timely identification of children at risk of impairment in specific developmental domains 

are valuable. The developed model predicts language deficits at 2 years CGA. 

Recently, a model was developed for classification of very preterm infants at high 

versus low risk for language delay, which achieved 89% sensitivity and 86% 

specificity.13 That model included DTI variables in three brain regions: MD of right 

sagittal stratum and right inferior occipital gyrus, and AD of right lingual gyrus. 

However, whole brain calculation of DTI variables is computationally expensive, hence 

we investigated the predictive value of histogram-based variables derived from DTI. 

We have shown that combining DTI metrics with perinatal factors, along with the use 

of advanced machine learning techniques can further improve identification of children 

at risk of language impairment. 

 

The main strength of our study is that we had a longitudinal cohort of preterm infants 

that is deeply phenotyped with brain imaging and biological information that enabled 

us to investigate a large number of clinical, demographic, social, and DTI variables. 

We acknowledge some limitations in our study. The sample size is relatively small, 

and this is a single centre study so despite our best efforts with standard model 

validation techniques to assess model generalisation we would need to further validate 

findings in a different cohort. Nonetheless, the study population was fairly 

representative of NICU populations in terms of comorbidities that have been 

associated with long-term neurodevelopmental outcomes. In addition, cortical grey 

matter was not assessed in this study. We focused on alterations in white matter 

microstructure, since it is the most consistently abnormal finding in preterm infants, by 
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measuring a functionally tractable property using a tool that is readily applied to clinical 

image data. Future studies could aim to validate our model in additional external 

cohorts, and also apply machine learning techniques for prediction of motor, cognitive 

and social-emotional outcomes for children born preterm. 

 

Conclusion 

A combination of clinical perinatal factors and neonatal DTI measures of white matter 

microstructure best predict language impairment at 2 years after preterm birth. This 

model has the potential to enable clinicians identify infants who are at risk of language 

delay, thus facilitating targeted early intervention and support services. The model 

comprises clinical and MRI features that have potential to be scalable across centres, 

so it offers a basis for enhancing the power and generalisability of diagnostic and 

prognostic studies of neurodevelopmental disorders associated with language 

impairment. 
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6.3. Conclusion 
 

In this article, we focused on language development following preterm birth. In line 

with our initial hypothesis, we showed that a combination of clinical perinatal factors 

and neonatal DTI measures that capture diffuse white matter microstructure 

alterations can accurately predict language impairment at two years CGA following 

preterm birth. Specifically, we found that the risk of language impairment (defined as 

Bayley-III language composite score lower than 85) rises with increasing values of 

peak width of skeletonised fractional anisotropy (PSFA), radial diffusivity (PSRD), and 

axial diffusivity (PSAD) derived from dMRI. In addition, language impairment is more 

likely following a twin pregnancy, an incomplete course of antenatal corticosteroids, or 

no exposure to antenatal corticosteroids. On the contrary, female sex and feeding with 

exclusive breast milk reduce the risk of language delay. Our model achieved balanced 

accuracy: 91%, sensitivity: 86%, and specificity: 96%, outperforming existing statistical 

models. 

 

This study has contributed to our broader research goal by developing a model that 

accurately predicts language outcomes at two years CGA following preterm birth. The 

proposed tool has the potential to timely identify preterm infants at high risk of 

language impairment, who may benefit from targeted early interventions and support 

services. Early interventions can help preterm infants reach their full developmental 

potential, thus improving the quality of life for this vulnerable population. Moreover, this 

study, in line with the study presented in Chapter 5, has highlighted the importance of 

perinatal practices, such as breast milk feeding, for preterm brain development and 

subsequent neurodevelopmental outcomes.  
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CHAPTER 7: DISCUSSION 
 

7.1. Summary of findings 
 

This thesis investigated the combination of early life exposures that significantly impact 

brain development and subsequent neurodevelopmental outcomes following preterm 

birth. The primary objectives were to identify potentially modifiable risk factors that 

influence brain growth and to predict which preterm infants are at the greatest risk of 

developing long-term neurodevelopmental delays, with a focus on language 

outcomes. The underlying rationale was to guide the improvement of perinatal 

treatments and interventions and to enable the timely identification of preterm infants 

who may benefit from early support services. 

 

Our study on the prediction of global and regional brain volumes revealed that a 

combination of clinical and environmental exposures best predicts brain growth in 

preterm infants. In line with our initial hypothesis, we found that different brain regions 

are differentially vulnerable to perinatal exposures. Specifically, a robust subset of six 

features (birthweight z-score, GA at birth, GA at MRI scan, sex, duration of intubation 

while in the NICU, and socioeconomic status operationalised as neighbourhood 

deprivation) best predicts total brain volume, with RMSE = 29.23cm3, MAE = 

23.89cm3, and MAPE = 6.57%. Birthweight z-score, GA at birth and MRI scan, and 

sex are the selected feature set towards the prediction of white matter volume in 

preterm infants (RMSE = 14.92cm3, MAE = 11.98cm3, MAPE = 7.16%). Cortical grey 

matter volume is predicted by the combination of birthweight z-score, GA at birth, and 
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GA at MRI scan (RMSE = 14.43cm3, MAE = 11.45cm3, MAPE = 8.47%). The major 

predictors of deep nuclear grey matter volume are birthweight z-score, GA at birth, GA 

at MRI scan, sex, duration of intubation and exposure to breast milk feeding while in 

the NICU (RMSE = 1.92cm3, MAE = 1.45cm3, MAPE = 5.54%). Finally, cerebellar 

volume at term-equivalent age is predicted by the combination of birthweight z-score, 

GA at birth and MRI scan, sex, socioeconomic deprivation, and duration of parenteral 

nutrition (RMSE = 3.08cm3, MAE = 2.18cm3, MAPE = 8.75%). Overall, this study 

demonstrated that potentially modifiable risk factors, including postnatal nutrition, 

respiratory morbidity, and socioeconomic status of the family, significantly influence 

brain development and subsequent neurodevelopment in preterm infants. 

 

Furthermore, neurodevelopmental outcomes can potentially be enhanced by targeted 

early interventions and the provision of developmental support. To this end, we 

developed a machine learning model which accurately predicts language impairment 

at 2 years CGA following preterm birth. Our model outperformed existing statistical 

models, achieving a balanced accuracy of 91%, with a sensitivity of 86%, and a 

specificity of 96%. The model comprised clinical features that are collected as part of 

routine care and imaging features which capture diffuse white matter microstructural 

changes in the brain and are readily calculable from dMRI. We found that the 

probability of poor language development increases with higher values of PSFA, 

PSRD, and PSAD, which indicate delayed myelination, less coherent white matter 

organisation, and altered axonal integrity in the preterm brain. Additional risk factors 

include twin pregnancy, an incomplete course or no exposure to antenatal 

corticosteroids, male sex, and feeding with formula milk or mixed formula and breast 

milk.  
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In summary, the research we undertook has identified the early life risk factors that 

predict brain growth and language impairment following preterm birth. 

 

7.2. Limitations of the study 
 

Although our study has provided valuable insights into the early life risk factors that 

impact brain development, as well as the clinical perinatal factors and imaging 

biomarkers that jointly predict language outcomes following preterm birth, it is 

important to acknowledge several limitations. Firstly, the sample size in both studies 

described in Chapters 5 and 6 was relatively small for machine learning analysis. 

Additionally, some features, such as NEC and ROP, may have not been selected as 

important predictors by the feature selection algorithms due to their low frequency in 

our sample (see Tables 5.1 and 6.1 in Chapters 5 and 6, respectively). Moreover, we 

did not assess the predictive value of cortical grey matter pathology for language 

impairment at two years CGA (see Chapter 6). Furthermore, we did not have access 

to an external cohort to replicate our findings and objectively assess the wider 

generalisation of the developed models. Instead, we assessed model generalisation 

using standard model validation techniques, such as cross-validation. Finally, we need 

to acknowledge the inevitable impact the COVID-19 pandemic has had on our study; 

the main challenge we faced was the delay in data collection regarding the 2-year 

appointments for assessment of preterm infants with the Bayley-III scales, which 

resulted in significantly smaller sample sizes than initially expected. 
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7.3. Implications for practice 
 

To consider the implications for practice of our research, let us assume that our results 

are robust and replicable. The findings of our first study on the prediction of brain 

volumes following preterm birth (see Chapter 5) have shown that birthweight z-score, 

GA at birth, age at MRI scan, and sex, in combination with potentially modifiable risk 

factors, including postnatal nutrition, respiratory morbidity, and socioeconomic status 

of the family affect brain growth following preterm birth. Identifying the most important 

perinatal risk factors that impact brain development in preterm infants is crucial in order 

to inform current perinatal practices. Our findings suggest that neuroprotective 

strategies and preventive interventions should aim to promote breast milk nutrition 

during NICU hospitalisation, utilise ventilation strategies that minimise respiratory 

morbidity, and address family socioeconomic deprivation. By targeting these risk 

factors, health professionals can offer preterm infants a healthier start in life, and thus 

improved long-term outcomes and a better quality of life.  

 

Our second study focused on the prediction of language outcomes at two years CGA 

following preterm birth (see Chapter 6). The model we have developed comprises 

features which can be easily obtained in everyday clinical practice, including dMRI 

data, type of postnatal nutrition, sex, exposure to antenatal corticosteroids, and twin 

pregnancy. Hence, this model has the potential to be used in clinical practice, enabling 

clinicians to timely detect which preterm infants are at high risk of future language 

deficits. Early identification can allow for targeted early interventions and support 

services which can enhance long-term outcomes. 
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7.4. Implications for future research 
 

Based on the findings of this study and the limitations outlined in the preceding 

sections, we suggest several recommendations for further research. First, given that 

this was a single-centre study in a tertiary hospital in a developed country, future 

research could aim to replicate our study in diverse cohorts to assess the 

generalisability of our findings across different populations and settings. Moreover, 

given the relatively small sample size of our study, future studies could aim to validate 

our machine learning models in external cohorts to confirm the robustness of our 

findings.  

 

Furthermore, future research could build on our work by evaluating the predictive 

importance of additional features that could be used as early biomarkers of brain 

development and subsequent neurodevelopmental outcomes following preterm birth. 

Variables such as chorioamnionitis, funisitis, and villitis, which we did not investigate 

in our study on prediction of cerebral volumes at term-equivalent age, could potentially 

improve the performance of our models. Moreover, in this study, we focused on 

neighbourhood deprivation as a proxy for assessing the socioeconomic position of the 

family. Future studies could investigate in more detail how the social determinants of 

health, including parents’ educational level, income, living and working conditions, and 

access to healthcare affect brain growth and subsequent neurodevelopmental 

outcomes. Moreover, eye-tracking which assesses eye-gaze behaviour in response to 

visual stimuli, permits inference about underlying cognitive processes(Brady et al., 

2014; Finke et al., 2017; Gillespie-Smith et al., 2016; Telford et al., 2016). Future 



Discussion 

  137 

studies could explore whether eye-tracking could enhance the prediction of 

neurodevelopmental deficits following preterm birth. 

 

This study focused on predicting language outcomes at two years CGA following 

preterm birth. However, as already described, deficits in different developmental 

domains require different interventions. With our research, we have optimised the 

methodology for the prediction of neurodevelopmental outcomes following preterm 

birth. Hence, future studies could use the same methodology to develop machine 

learning models for the prediction of a range of neurodevelopmental outcomes, 

including cognitive, motor, adaptive functioning, and social-emotional outcomes at two 

years CGA for children born preterm. Timely identification of deficits in different 

developmental domains will assist in targeting intervention programmes and 

prioritizing skill areas for interventions to prevent or reduce later difficulties and provide 

the best opportunity for improved development and better quality of life. Finally, it 

would be beneficial to develop models comprising early life risk factors to predict 

neurodevelopmental outcomes at older ages, such as at five years. 

 

7.5. Conclusion 
 

In conclusion, this thesis has demonstrated that a combination of clinical and 

environmental exposures significantly impacts brain growth following preterm birth. 

Addressing the key factors identified in this research, including postnatal nutrition, 

ventilation strategies in the NICU, and socioeconomic deprivation, can potentially 

enhance brain development and subsequent neurodevelopmental outcomes of 

preterm infants. Moreover, our findings indicate that early life risk factors, including 
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clinical perinatal and imaging features at term-equivalent age, can accurately predict 

language impairment at two years CGA. This means that clinicians can identify high-

risk infants even during hospitalisation in the NICU, allowing for targeted interventions 

and support services in early childhood which can potentially improve long-term 

outcomes. Overall, our research provides health professionals with the opportunity to 

treat and intervene early, supporting preterm infants in achieving their full 

developmental potential and enjoying a better quality of life.  
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